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Abstract
The Measure of a Man: The Role of Measurement in Shaping Our Understanding of College
Graduation along Ethnic Lines
by
Andrew Middleton Wallace
Advisor: Distinguished Professor Paul Attewell
The way in which college graduation is modeled matters with regard to the conclusions that a
researcher is able to draw from the data. This dissertation explores different approaches to model-
ing degree pursuit and graduation that have implications for how researchers should model grad-
uation. These implications include measuring degree pursued at entry to and exit from college to
account for changes in level. Associate students who transfer to the baccalaureate level in partic-
ular are important to measure because of how different their outcomes are compared to associate
students who stay at the associate level. Further, a variety of ways of measuring graduation are
explored, from graduation as an alternative among others (such as dropping out or transferring) to
binomially measured graduation (on-time versus delayed) to a typology of delayed graduation and
finally graduation measured as time to degree. Additionally, decision trees are used to guide the
testing of interaction terms, including interactions of ethnicity and a variety of measures of high
school preparation and early college performance. The results indicate that the effects of these
measures vary by ethnicity and interactions of this type should be included in any study of educa-
tional stratification. In particular, effect of high school GPA for different ethnic groups is explored.
The policy implications of this for admissions decisions is discussed.
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Chapter 1
Introduction
Over the course of the 20th century college going rates increased from roughly 500,000 students
worldwide in 1900 to approximately 100 million students worldwide in 2000 (Schofer and Meyer,
2005). Also in that time, having a college degree, especially a baccalaureate, has increasingly
become important to students wishing to obtain employment that would support a middle-class
lifestyle (Haveman and Smeeding, 2006; Grubb, 1992; Marcotte et al., 2005; Thomas and Zhang,
2005). While the GI bill in World War II played a large role in the increase in college going mid-
century, the increase in the latter half of the century is largely attributed to the changing nature of
labor and the need to train workers for a knowledge economy (Grubb and Lazerson, 2005).
College completion rates have increased as well, with 33.7% of first-time, full-time bachelor’s
degree seeking students at 4-year institutions earning baccalaureate degree in four years in the
1996 starting cohort and 38.6% completing at the same pace in the 2005 starting cohort (Snyder
and Dillow, 2013, table 376).
Much attention has been given to the question of how to improve student outcomes (Tinto,
1987; Bayer, 1968; Panos and Astin, 1968; Alon and Tienda, 2005; Dougherty et al., 2006; Perin,
2006). This study will expand upon this literature by using data from the City University of New
York (CUNY), a large, urban university system while incorporating data that allows transfer out-
side of the system to be measured. It also expands upon the time frame normally given for students
to complete a degree. Further, it uses a combination of methods that allows for a comparison of
1
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results of different ways of modeling graduation.
Large proportions of undergraduates in American colleges and universities fail to complete
a degree within the “ideal” time frame: two years for an associate degree and four years for a
bachelor’s degree. Even when allowing a six-year time frame for graduation, nationwide only 26%
of entrants to associate programs and 60% of entrants to baccalaureate programs have finished
a degree (NCES 2011-152). Many policy makers and researchers view these low numbers as
indicating serious flaws in our system of higher education, harming both the students involved and
our nation’s economic competitiveness (Goldin and Katz, 2009). Additionally, graduation rates
differ between ethnicities, with Black and Hispanic students graduating at lower rates compared to
their White and Asian counterparts (Massey et al., 2011).
Given this concern about undergraduate completion, I use a longitudinal data set of student-
level records from CUNY’s undergraduate institutions to analyze the graduation of baccalaureate
and associate students. This dissertation expands upon previous work by examining transcript
data of semester-by-semester attendance and credit accumulation and applying models that include
controls for demographic characteristics, high school preparation, and early college performance.
A variety of methodologies will be brought to bear upon these data to illuminate the trends in
graduation within CUNY.
1.1 Literature Review
The literature on higher education includes extensive research on issues of access to and success
within the American higher education system. Claudia Goldin and Lawrence Katz note how par-
ticipation in the higher education system has expanded greatly in the twentieth and twenty-first
centuries in response to economic demand for educated labor (2009).
Much work has been done on the ways in which stratification in the United States plays out
in its higher educational system (Buchmann et al., 2008; Gerber and Cheung, 2008; Lavin, 2000;
Posselt et al., 2012). This stratification remains in spite of the expansion of the system as a result
of the unequal distribution of the expansion. The higher education system in Europe has evolved
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differently to system in the United States. David Karen notes the heterogeneity and decentraliza-
tion of the higher education system in the U.S. as compared to various systems in Europe. This
decentralization allows for wider access and mobility, but also for more exploitation of the already
disadvantaged. Further, it is much more expensive to attend college in the U.S. than in Europe.
“This unusual combination of higher educational opportunities and constraints leads to a situation
in which the United States appears to hold open the possibility of some kind of postsecondary
education for all, while it generally makes it less likely that those from low-SES backgrounds (and
other subordinate groups) will take advantage of it and more likely that those from high-SES back-
grounds will do so” (Karen, 2002). The area of fastest growth in higher education in the United
States is the 2-year sector (Goldin and Katz, 2009). “Unfettered by much centralized govern-
ment regulation, U.S. higher education has expanded dramatically and in multiple directions. This
expansion can be described as stratified: characterized by increasing enrollments in lower-status
institutions (nonselective four-year institutions and community colleges), and by the solidification
of institutional hierarchies” (Shavit et al., 2007). Given the number of disadvantaged students that
CUNY matriculates, the current study fits well with in the literature on how student outcomes vary
along ethnic, socio-economic, and gender lines.
As the nation’s largest urban university, CUNY comprises “24 academic institutions and over
half a million students” (CUNY, 2015). This places CUNY in the center of attempts to provide
quality education to an ever-increasing number of students, many of whom are economically and
educationally disadvantaged.
Advocates of the academic momentum theory have shown that students’ progress in the first
year or two of college strongly predicts graduation, net of the effects of pre-college academic
preparation and demographic factors (Adelman, 2006; Attewell et al., 2012). Momentum is a
complex phenomenon, comprised of many factors both individual and structural. The most easily
conceptualized aspect of momentum is the accumulation of credits, a mark of progress towards
the goal of degree completion. Momentum involves not only the accumulation of credits, but also
the speed at which those credits are earned. Students who enroll full time rather than part time, or
who enroll in summer school are more likely to graduate than those who attend part time, or who
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withdraw from courses, or who stop out of college for a semester or two.
Central to this framework is the idea that success builds upon success. This is why it is so
important for students who enter college with relatively low levels of high school preparation to
get up to speed in terms of their schoolwork. Previous research has focused on individual student
action regarding enrollment and success in courses and also on the structural contributions and
constraints on that action. An example of this is the policy of allowing students to withdraw
from courses without penalty. This has been found to be negatively correlated with graduation
(Adelman, 2006).
A related theme in the literature concerns students’ time-to-degree. Attenuated time to degree
is a symptom of momentum loss. Paul Attewell and David Lavin have noted that many of CUNY’s
students do not fit the picture of the traditional college student—a first-time freshman direct from
high school who attends full time until on-time degree completion (2007). If we are to fully
understand how CUNY students progress through college, we must expand the time frame for
degree attainment past its usual two- or four-year period.
As reported in the student data book on CUNY’s Office of Institutional Research website, the
2-year graduation rate for students who begin in associate programs is 2.3% while the 10-year
graduation rate for the same cohort is 34.0% (CUNY, 2013). These figures include students who
complete either an associate or bachelor’s degree since many CUNY associate students transfer
to 4-year colleges within the CUNY system without completing their associate degree. Thus, if
we only count associate degrees for students who initially entered CUNY to pursue one, we will
underestimate the success rate of our students.
In his work The Toolbox Revisited: Paths to Degree Completion from High School Through
College, Clifford Adelman examines the factors that predict success in higher education as defined
by receiving a bachelor’s degree. Adelman finds important predictors of earning a bachelor’s
degree that are independent of high school preparation which previous research has shown to be
an important correlate of success in its own right. These predictors include not delaying entry
to college after high school graduation; earning at least 20 credits in the first year; continuous,
full-time enrollment; and taking summer classes after the first year (2006). Paul Attewell, Scott
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Heil, and Liza Reisel expand upon Adelman’s work, using a nationally-representative data set to
examine his claims while controlling for selection effects and causal circularity (2011).
Attewell and Lavin’s groundbreaking book, Passing the Torch: Does Higher Education for the
Disadvantaged Pay Off Across the Generations?, uses a sample of CUNY undergraduate women
who enrolled in 1970 and studied their outcomes 30 years after entry. The authors find that the
expanded time frame shows a much higher rate of success than a traditional graduation time frame
would have and that the success of the mothers in the study transfers to their children in the form
of access to higher education. This is relevant to the current study for two reasons: first, it sug-
gests that using the longest time frame possible will give the most accurate estimates of the true
graduation rates of CUNY students. Second, it suggests that the phenomenon of extended-time
graduation is prevalent enough that policies designed to shorten time-to-degree should have a sig-
nificant beneficial effect at both the institutional and individual levels.
Another major theme within the sociology of education literature is transfer. A large amount
of research has been done on transferring outside of a student’s original college of entry. Much of
this research is on transfer from two-year institutions up to four-year institutions. Less research
has focused on downward transfer from four-year to two-year institutions. CUNY provides an
interesting case of transfer given the size and variety of its system of undergraduate institutions. A
full investigation of the particularities and impacts of internal transfer within the CUNY system is
beyond the scope of this dissertation. However, as this chapter will describe, the data allow for a
study of changes in degree level sought and for transfer outside of the CUNY system.
Finally, there is a portion of the literature that focuses on student outcomes other than de-
gree completion (Stasio Jr, 2013). This literature focuses on measures such as the development
of critical thinking as separate from any credential earned. Richard Arum and Josip Roska use
the Collegiate Learning Assessment (CLA) to measure critical thinking skills learned in college
(2011). They note that stratification exists in critical thinking outcomes just as it does in gradua-
tion outcomes:
“While the average level of performance indicates that students in general are often
embedded in higher-education institutions where only very modest academic demands
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are placed on them, exceptional students, who have demonstrated impressive growth
over time on CLA performance, exist in all the settings we examined. In addition, stu-
dents attending certain high-performing institutions had more beneficial college expe-
riences in terms of experiencing rigorous reading/writing requirements and spending
greater numbers of hours studying. Students attending these institutions demonstrated
significantly higher gains in critical thinking, complex reasoning and writing skills
over time than students enrolled elsewhere”
While these additional outcomes are important, they are also beyond the scope of this disserta-
tion.
1.2 Hypotheses
This dissertation tests five hypotheses around measurement and graduation. I hypothesize that:
1. Measuring only by degree pursued at entry is insufficient to model student degree seeking
2. Main effects models are insufficient to model student outcomes
3. The predictive power of measures of high school preparation and early performance vary by
ethnicity
4. There are previously unmeasured subgroups among delayed graduates
5. How graduation is measured matters in modeling
Hypothesis two is tested in the second chapter, hypotheses four and five are tested in the fourth
chapter, and hypothesis three is measured in both the second and fourth chapters. I present the
results of the test for hypothesis one in this chapter since it is foundational for the rest of the
analyses.
This dissertation uses three distinct methods, combining them in a variety of ways to test my
hypotheses. At the end of the introduction is a comparison of two multinomial logistic models
of student outcome. These two models serve as a test of the first hypothesis. They show that
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measuring degree level sought at both entry and exit are an improvement over only measuring it at
entry.
The same outcome measure is explored in more detail in the chapter on student outcomes.
That chapter uses decision tree analysis to explore potential interaction terms to be included in that
chapter’s final model of outcome. Interactions are tested individually and in combined multinomial
logistic models of student outcomes. This is done in attempt to better model student outcome as
well as reveal variation in the effects of known predictors of student success along ethnic lines.
The third chapter involves a Sequence Analysis of student enrollment, transfer, and graduation
to explore heterogeneity within the students. This analysis provides the basis for the typology of
graduation explored in the fourth chapter. The fourth chapter takes a deep dive into graduation,
measuring graduation timing in increasingly complex ways. It starts with binomial logistic models
where graduation is either “on-time” or “delayed”. It continues with multinomial logistic models
using the Sequence Analysis from the previous chapter as a starting point. It finishes with a survival
analysis of time to degree. All of these graduation models use the set of covariates and interactions
arrived at in the outcome chapter.
1.3 Data Set
The data set I use for this dissertation provides historical, longitudinal data on all first-time fresh-
man, undergraduate students at CUNY campuses. As noted, there are currently more than half
a million students in the CUNY system. However, since the data available to me are limited to
first-time freshmen, there are only around 520,000 students in the data set going back to the fall
1999 entering class. Students who attended another college prior to entering CUNY are not in-
cluded in this data set. Of the 24 institutions, the subset of 17 community, comprehensive, and
senior colleges are in the data set. Among the variables for each student in the data set are demo-
graphic measures, measures of high school preparation, and a wide variety of measures of student
performance at CUNY. The overall data set includes students who entered between September of
1999 and February of 2012. I will be concentrating on the cohorts that entered between Septem-
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ber 1999 and September 2002. These cohorts were chosen because they are the ones for whom
a 10-year window of opportunity to graduate exists in the data. Admittedly, a shorter time frame
would allow for more cohorts to be included, but as noted above, CUNY students often graduate in
a longer time frame than what is considered traditional. This is especially important as some latent
groups that I hope to identify in this analysis are precisely those who take longer to graduate. A
time frame longer than 10 years is not possible at this time due to the constraints of the data set.
While records predating 1999 do exist within CUNY’s data warehouse, they do not contain the
same detailed data that the post-1999 records do. Thus, while it is theoretically possible to request
data prior to 1999, it would severely limit the variables that I could use in my models.
It should be noted that the definitional problem of stop out/drop out is one that is as much
philosophical as it is practical. CUNY records allow us to track students within the system and
determine when and for how long they leave the system. Ultimately the difference between a stop
out and a drop out is the possibility of returning at some point to complete a degree. Theoretically,
a student could come back to CUNY after a stop out of 40 years or more and complete their
degree. The only way to say with absolute certainty that a student is a drop out is if they have
died or otherwise become incapacitated without receiving their degree. Otherwise the possibility
of return still exists. In practical terms, however, we must weight issues of data availability and the
probability of return in determining the window of opportunity we afford a student to return before
classifying them as a drop out instead of a stop out.
As noted, data issues limit the window to a 10-year time period for this dissertation. A recent
study of nationally-representative data of students who completed a bachelor’s degree reported that
18.5% of those who started at a public two-year college and 7.8% of those who started at a public
four-year college, completed their degree after ten years (Cataldi et al., 2011). I classify students
who leave the CUNY system and do not return within the 10-year time frame as drop outs for the
purposes of this dissertation while acknowledging that some proportion of them will ultimately
earn a degree.
The inclusion of data from the National Student Clearinghouse (NSC) allows us to separate
those who are not enrolled in CUNY due to stopping or dropping out of higher education from
CHAPTER 1. INTRODUCTION 9
those who pursue higher education at another institution. This is an important distinction to make
as these students are not experiencing a negative outcome in the same way that drop-outs do. There
is a considerable literature on the effects of transfer on the retention and graduation. However,
because fewer colleges report graduation data to NSC than report enrollment data, my ability to
accurately model graduation of transfers is impeded. As noted on the NSC website, “More than
3,600 colleges and universities, enrolling 98% of all students in public and private U.S. institutions,
participate in the Clearinghouse” (NSC, 2014). However, only “3,100 institutions participate in our
enrollment verification service, EnrollmentVerify, representing over 90% of currently enrolled U.S.
college students” (NSC, 2014). Further, while the website states the same percentage of institutions
as participating in their degree verification service, they don’t note the number of institutions.
Since the number of institutions that report graduation has lagged behind the number reporting
enrollment in the past and the NSC does not report specific numbers of institutions on this website,
I am inclined to trust their enrollment numbers more than their graduation numbers. This means
that if I were to report transfer graduation outcomes as separate from transfer continued enrollment
(or drop-out), I would probably be underestimating the true graduation rate of these students due
to data limitations.
1.3.1 Variables
Of all of the variables available in the CUNY data, the following will be used as covariates in






e) Age at Entry
2. High School Preparation
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a) High School GPA
b) College Preparatory Units
c) Total SAT Score (for baccalaureate students only)
3. Entry to CUNY
a) Spring Entrance
b) Delay in Entry (after H.S. graduation)
c) Need any Remediation
4. Early Performance at CUNY
a) 1st Sem. Credits
b) 1st Sem. GPA
5. Fixed Effects
a) Term of Entry
b) College
Note that SAT score is divided by 100 so that the coefficients of models using it might be more
understandable. This means that a one unit increase in SAT in a model represents a 100 point
increase in total SAT score. The range for the scaled version of SAT goes from four to sixteen.
The variable was then centered by subtracting four from every student’s score so that the intercepts
of a given model might be more logical. That is, when the centered SAT score is held constant, it
is at a value of four (the equivalent of 400) instead of the impossible score of zero.
The ethnicity variable in the data set has five categories: White, Black, Hispanic, Asian, and
Native American. As there are only 203 Native American students in the population under study,
I am excluding them from analysis for computational reasons. A number of the more complicated
models in later chapters failed to converge when Native American students were included in the
analysis due to their small numbers. This is not to imply that the story of Native American students
at CUNY would not be an interesting one. It is simply not one that I can tell given the limitations
of the data.
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1.3.2 Degree Bands
Most research on higher education distinguishes between community college students and bac-
calaureate students. Of this, there is research that investigates how well community college stu-
dents who transfer to the baccalaureate level fare compared to either their community college
compatriots or to those students who started off as baccalaureate students. Not enough research
includes the reverse phenomenon, downward transfer, in its analyses.
In the initial stages of this analysis, I ran separate analyses for those students who initially
sought baccalaureate degrees and those who sought associate degrees. In the initial stages of the
Sequence Analysis presented in the third chapter, I did not have the type of degree earned in the
state space of the sequences. Instead, I had a student’s enrollment status (full-time, part-time, or
not enrolled) in the semester of graduation as separate states. As I explored the data further, it
was apparent that I should include the type of degree earned instead because it provided more
meaningful information. With the inclusion of degree earning in the sequences, it became evident
that I might want to separately analyse those started at a certain degree level and stayed there and
those who transferred to a different degree level from their original one.
To this end, I separated out these students into degree bands. Those students who ended up
at the certificate level (as well as those who started there) are sufficiently few and outside of the
analytic scope of this study that I am excluding them from analysis. Associate and baccalaureate
degree attainment are the main focus of this analysis. The final analytic sample is separated into
degree bands based on initial and final degrees sought. This allows me to include a more complete
set of possible degree in the analysis. The degree bands used in this analysis are as follows:
1. Baccalaureate at entry to and exit from CUNY (BA1)
2. Baccalaureate at entry to and Associate at exit from CUNY (BA2)
3. Associate at entry to and exit from CUNY (AA1)
4. Associate at entry to and Baccalaureate at exit from CUNY (AA2)
To reiterate, BA1 and AA1 degree bands include students who stayed at the degree level that they
initially sought at CUNY. BA2 and AA2 students transferred down and up respectively from their
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initially sought degree level. Note that this only measures degree sought at entry and exit and does
not capture those students who might have changed level at some point in their time at CUNY but
returned to their original level by the end of their time at CUNY.
The data given to me by CUNY included 127,144 students who were initially seeking a cer-
tificate, an associate, or a baccalaureate degree. As the focus of this analysis is associate and
baccalaureate degree-seeking behavior, the 972 initially-certificate-seeking students were excluded
from the analysis, giving a new N of 126,172. Of these students, there were 454 students (0.36%)
who were pursuing an associate or baccalaureate degree at entry to CUNY and a certificate at their
exit from CUNY. These students were also excluded from the study based on the small percent they
represent of these study population (0.45% of initally associate-seeking students and 0.15% of ini-
tially baccalaureate-seeking students). This degree band would have severely limited the power of
any analysis conducted on it due to its size.
This brings the total population of students under study to 125,718. As noted in the previous
section, Native American students are removed from analysis due to their small N. This brings the
final total N to 125,515. Of these, 69.01% entered CUNY initially seeking an associate degree.
30.99% initially sought a baccalaureate degree at CUNY. Of those who initially sought an associate
degree, 63.66% were still pursuing an associate degree upon departure from CUNY, regardless of
whether that departure was due to graduation, drop out, or transfer. 36.34% initially associate-
seeking students transfered up to the baccalaureate level by the time of their departure from CUNY.
Of those who initially sought a baccalaureate degree, 89.51% were still pursing a baccalaureate
degree upon departure from CUNY and 10.49% transferred down to the associate level.
Table 1.1 shows the descriptive statistics for each degree band for each of the variables that
will be used as a predictor in the models to come. Note that the percentages within a variable like
ethnicity (White - Asian) add up to 100%. This is the case for all of the pairs of variables (Male
and Female, Independent and Dependent) up through Spring Entrant. As noted on the table, the
numbers reported for Age at Entry through 1st semester GPA are averages. Whites are the biggest
percentage of BA1 students, Hispanics are the biggest percentage of BA2 students, and Blacks and
Hispanics make up the two biggest percentages of AA1 students. It is of note that Blacks make up
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Table 1.1: Degree Band Descriptives
BA1 BA2 AA1 AA2 Total
White 34.49 26.33 19.67 24.38 25.18
Black 22.38 27.41 34.78 34.71 31.08
Hispanic 23.56 30.87 34.82 27.43 29.72
Asian 19.57 15.40 10.72 13.48 14.02
Male 39.95 42.67 46.16 38.91 42.51
Female 60.05 57.33 53.84 61.09 57.49
Independent 6.52 6.03 29.99 20.28 19.99
Dependent 93.48 93.97 70.01 79.72 80.01
Not Pell Recipient 49.08 43.28 43.20 41.55 44.42
Pell Recipient 50.92 56.72 56.80 58.45 55.58
Delayed Entry 14.76 11.66 41.59 31.79 30.47
No Delay in Entry 85.24 88.34 58.41 68.21 69.53
Fall Entrant 91.10 90.72 72.02 77.09 79.19
Spring Entrant 8.90 9.28 27.98 22.91 20.81
Age at Entry 19.28 18.97 22.43 20.94 21.07
College Prep Units 18.20 17.01 10.77 13.09 13.73
HS GPA 82.10 79.03 73.10 74.82 76.51
SAT Total before Transformation 972.53 924.28 785.24 808.19 885.45
1st Sem. Crds 10.46 7.65 4.54 6.95 6.89
1st Sem. GPA 2.64 1.91 2.06 2.58 2.36
The numbers for the variables White through Spring Entrant are percentages that add up to
100 within categories (race, gender, etc.).The numbers for Age at Entry through 1st semester
GPA are averages. As a reminder, BA1 are students who pursue a baccalaureate degree at
entry to and exit from CUNY, BA2 students start at the baccalaureate level but transfer to
the associate level by exit from CUNY, AA1 students pursue an associate degree at entry
and exit while AA2 student start at the associate level and transfer to the baccalaureate level
by exit from CUNY.
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the largest percentage of AA2 students. This indicates that, for these students, associate programs
may be acting as a springboard for eventual baccalaureate study.
Most of the variables split evenly among the initial degree sought while some tend to group
together by final degree sought. First semester GPA tended to group by final degree sought. For the
rest of the variables, they tend to split along initial degree sought. Initially-baccalaureate students
tended to have a higher proportion of dependent students, were less likely to delay entry to CUNY,
were less likely to enter in the spring, were younger, had a greater level of high school preparation,
and earned more credits in their first semester at CUNY. Interestingly, BA1 students were the least
likely to receive Pell, BA2 and AA1 were about even in the proportion of Pell receipt, and BA2
students were the most likely to receive Pell.
However, even among the variables that tend to cluster along initial degree sought, there tend
to be differences between those who stayed at the level they started and those who changed levels.
Initially-baccalaureate students who transferred down were more likely to be Black and Hispanic,
less likely to be White or Asian and less likely to be female, more likely to be spring entrants, had
less high school preparation, and did not perform as well in their first semester at CUNY compared
to those baccalaureate students who stayed at their initial level. Of note is the fact that they are
slightly more likely to be dependent, are less likely to delay entry, and are younger than those
baccalaureate students who stayed at the baccalaureate level. These last characteristics are more
common among traditional college students and tend to predict success instead of failure.
AA2 students (those who start at the associate level and transfer up to the baccalaureate level),
on the other hand, tend to be less likely to be Hispanic, more likely to be Asian or White, more
likely to be female, dependent, and a fall entrant than AA1 students. They are less likely to delay
entry to CUNY, are younger on average, have better high school preparation, and do better in their
first semester at CUNY.
All of this points to the conclusion that, while initially-baccalaureate students are overall better
prepared for college, there is a difference between those who stay at the degree level they pursued
at entry and those who did not. Those baccalaureate students who transferred down were system-
atically less well prepared at entry and performed worse than those baccalaureate students who
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stayed at their level of entry. In a similar vein, those associate students who transferred up where
better prepared and performed better than those associate students who stayed at the associate level.
This indicates that, given the difference in demographics between the degree bands, that Black and
Hispanic students are taking the route to a baccalaureate program through community college in
higher proportions than white and Asian students. That is, a greater proportion of white and Asian
students start off at the baccalaureate level instead of transferring there from the associate level.
Before I can test whether or not degree bands against measuring degree pursued only at entry,
I must first deal with the issue of missing data.
1.3.3 Missing Data
The data under analysis have a significant amount of missingness on a number of key variables. In
order to deal with issues of missing data, I am using a combination of multiple imputation (MI)
to augment the data in my sample and a more basic imputation using age to impute dependency
status and delayed entry to CUNY. I argue that multiple imputation is necessary in this data set for
variables that cannot not be logically imputed in the same way that dependency status can be using
age. The missingness in the other variables is not consistent across degree bands. This suggests to
me that there are systematic difference in the missing data mechanism and therefore the data are
not missing completely at random. “The data on Y are said to be missing completely at random
(MCAR) if the probability of missing data on Y is unrelated to the value of Y itself or to the values
of any other variables in the data set” (Allison, 2002)
Table 1.2 shows the amount and percent of missingness in the data separated out by degree
band. With the exception of SAT score, the highest amount of missing data within a degree band
tops out at 24.83%. As we can see, there is a large amount of missingness in SAT score among
those who started at the associate level (70.24% for AA1 and 56.38% for AA2). This is probably
due to the fact that associate students are not required to take the SAT for admission to an associate
program. This means that missing SAT score at the associate level is fundamentally different than
at the baccalaureate level where there is probably an SAT score but it is not recorded in the data.
Because SAT is missing for different reasons depending on the degree level pursued at entry,
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I impute with missing data separately for each degree band. I include SAT in my baccalaureate
models and impute its missing data and I leave it out of associate models and imputations. Most of
the rest of the missingness is in the high school variables, potentially representing a pool of direct
admits. Direct admits apply in person at the college of entry instead of through the centralized
application processing center. These students are potentially systematically different from those
who apply through the centralized application and that is why I am imputing data rather than using
a simpler method for dealing with missingness such as complete cases (where only observations
with complete data are used in an analysis). The amount of missingness on all variables is greater
at the initially-associate level than it is at the initially-baccalaureate level.
Multiple imputation involves creating a series of data sets where missing values are imputed
using variables with complete data that will be included in models. “Each set of imputations
is used to create a complete data set, each of which is to be analyzed using standard complete-
data software to yield ‘completed-data’ statistics, which are typically complete data estimates Q̂,
associated variance-covariance matrices, U , and p values” (Rubin, 1996). Advocates of multiple
imputation argue that it is superior to other methods of imputing data (as well as complete case
methods in the presence of non-random missingness) because of the variability that it adds to the
data. “Because MI produces multiple (versus single) estimates for each parameter, the increased
variability can be used to adjust standard error upward (i.e. they are larger), which in turn reduces
the likelihood of Type I error” (McKnight et al., 2007).
Before I use MI, I make two simplifying assumptions based on age at entry that allow me to
impute some missing values in the data without using MI. First, I assume that students who are 24
years of age or older at entry are independent for the purposes of financial aid. This assumption
is based on the definition used by the United States Department of Education for financial aid
purposes (USDOE, 2014). This allows me to impute dependency status for the largest non-SAT
source of missingness in the data. Second, I assume that students who are older than 20 years
of age at entry delayed entry to CUNY after graduating high school. I was led to do this when
exploring different methods for MI and I found that MICE was not able to converge while modeling
missingness in Delay in Entry due to perfect prediction based on entry age. I calculated percentiles
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Table 1.2: Missing Data by Degree Band
BA1 BA2 AA1 AA2
Variable Percent Missing Percent Missing Percent Missing Percent Missing
Total N 34,860 4,085 55,249 31,524
Outcome 0 0 0 0
Ethnicity 0 0 0 0
Gender 0 0 0 0
Dependency Status 20.11 17.63 24.83 22.67
Pell Receipt 0 0 0 0
Delay in Entry 1.48 1.1 6.33 4.16
Spring Entrance 0 0 0 0
Age at Entry 0.01 0 0.03 0.01
College Prep. Units 4.83 4.77 12.51 10.43
HS GPA 5.49 5.56 20.5 15.93
SAT Total 15.21 13.9 70.24 56.38
1st Sem. Credits 0 0 0 0
1st Sem. GPA 2.4 4.85 13.29 7.06
Need Any Remediation 0 0 0 0
College of Entry 0 0 0 0
Term of Entry 0 0 0 0
and percentile rank for each degree band and found that 20 years of age was a reasonable cut off
for my data. Table 1.3 shows the percentiles for 19, 20, and 21 years of age by degree band and
delay in entry. From these results, we can see that the jump in percentile rank from 20 to 21 is
not as large as the jump from 19 to 20. This suggests that extending the cut off to 21 years old
does not gain a large amount of students. On the other hand, lowering the cut off to 19 years old
means that I lose a significant number of students, especially in the AA1 degree band. I argue
that a simple imputation of dependency status and delayed entry based on age is sufficient given
the relationship between the two variables with missingness and age. Table 1.4 compares listwise
means to age-imputed means for delay entry and dependency status.
Table 1.3: Percentiles for Ages 19-21 by Degree Band and Delayed Entry to CUNY
Age, BA1 Age, BA2 Age, AA1 Age, AA2
19 20 21 19 20 21 19 20 21 19 20 21
Delayed Entry 14th 35th 51st 14th 37th 58th 5th 17th 30th 8th 24th 38th
No Delay in Entry 89th 98th 99th 87th 97th 99th 58th 80th 88th 71st 88th 93rd
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Having used age to impute delayed entry and dependency status, that left first semester GPA
at CUNY and the high school preparation variables. Based on communication with the Office of
Institutional Research and Assessment at CUNY, missing data for GPA is due to a combination
of remedial coursework, withdrawals and incomplete grades. Because this missingness is of a
different character than simply not having GPA recorded, I have chosen a solution for GPA that
allows me to include these students in the analysis while controlling for their difference. I bottom
coded their first semester GPA as zero to indicate that they did not earn any grades in courses
that count toward their GPA. I also included a flag for it a student was missing GPA in their first
semester. This allows me to differentiate between student who have a zero GPA because they failed
their classes and those who have a zero GPA because of remediation, withdrawals, or incomplete
grades. Table 1.5 compares the means using listwise deletion and using bottom-coding.
For the remaining variables with missing data (College Preparatory Units, HS GPA, and SAT
for those who start at the baccalaureate level, I ran a set of imputation models based on the variables
that will be in the models used in the dissertation (including those mentioned above with values
imputed on age alone or bottom coded). I used 20 imputations. This number was chosen because
recent research indicates that the usual recommendations for the number of imputations (3-10) is
sufficient to correctly impute coefficients but not p-values (Graham et al., 2007; Bodner, 2008).
As table 1.6 shows, there is an expected shift in the proportions and averages of the variables
with missing data between using complete cases and imputed data, but not a large difference be-
tween MICE and multivariate normal imputation. This may be due to the choice to impute missing
values on the categorical variables using age instead of in the more complicated imputation mod-
els. This choice was largely guided, as stated above, by the relationship between age at entry and
delayed entry to college.
Given that the averages for imputed variables vary little between MICE and MVN, I am choos-
ing MICE for my imputations because the range of values it produces are closer to the original
range of the listwise variables. The literature on multiple imputation suggests that rounding im-
puted values to the original scale of the variable actually produces more bias in the estimates than
leaving them alone, so I will not modify them further. (Horton et al., 2003; Yucel and Zaslavsky,
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Table 1.4: Comparison of Listwise Proportions to Proportions using Age-Imputed Values for Delay
in Entry after HS and Dependency Status
Delayed Entry to CUNY After HS Graduation
Listwise Imputed with Age
Delayed Entry No Delay Delayed Entry No Delay
Graduate 0.11160824 0.88839176 0.11544089 0.88455911
Transfer 0.1503033 0.8496967 0.154833 0.845167
Drop Out 0.22280389 0.77719611 0.23960134 0.76039866
Dependency Status
Listwise Imputed with Age
Independent Dependent Independent Dependent
Graduate 0.04438797 0.95561203 0.04945377 0.95054623
Transfer 0.06653675 0.93346325 0.0685689 0.9314311
Drop Out 0.11256473 0.88743527 0.12854673 0.87145327





Drop Out 2.2816255 2.1683911
Table 1.6: Comparison of Listwise Means to MICE and MVN for HS GPA, College Prep. Units,
and SAT Total Score
Listwise MICE MVN
HS GPA
Graduate 83.177689 83.131327 83.131767
Transfer 81.011514 80.990355 80.983097
Drop Out 80.266344 80.214637 80.217815
College Prep. Units
Graduate 18.806914 18.745427 18.745823
Transfer 17.699023 17.635062 17.6334
Drop Out 17.102553 16.913369 16.91832
SAT Total, Divided by 100
Graduate 9.8008655 9.8021414 9.800386
Transfer 9.7875109 9.7408438 9.7407548
Drop Out 9.5149803 9.4567753 9.4513432
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1.4 Testing Degree Bands
Having implemented a missing data strategy, I now proceed to test whether or not degree bands fit
the data better than degree pursued at entry.
Table 1.7 in presents the results of two models of student outcome. In both models, the outcome
is whether a student graduates, transfers outside of CUNY, drops out of higher educations (as far
as the data will let me measure), or whether the student is still enrolled at the end of the tracking
window. This is the same dependent variable that will be explored in the next chapter. The purpose
of including these models here is solely to test the first hypothesis. The models in the outcome
chapter will have a fuller set of covariates based on the decision tree models run in that chapter. The
first model measures degree pursued at entry using a dummy variable for if a student pursued an
associate degree in their first semester. This variable is coded 1 if the student pursued an associate
degree at entry and 0 if the student pursued a baccalaureate degree at entry. College and term of
entry fixed effects are including in all models but not displayed. In this and all other models, the
coefficient is the first row next to a variable, standard errors are below it in parentheses, and the
test statistic is below the standard error.




= 0.014G|D + 0.896AssocAtEntryG|D + 1.033CollegePrepUnitsG|D
+1.027HsGPAG|D+0.937SATG|D+1.653Cuny1stSemGPAG|D+2.428GPAMissingF lagG|D
+ 1.078DependentG|D + 1.424NoDelayInEntryG|D + 1.100Cuny1stSemCreditsG|D
+0.995EntryAge+1.009BlackG|D +0.774HispanicG|D +1.152AsianG|D +1.619FemaleG|D
+ 0.937SpringEntrantG|D + 1.148PellRecipientG|D + 0.718RemedialNeedG|D (1.1)




= 0.389T |D + 0.969AssocAtEntryT |D + 0.999CollegePrepUnitsT |D
+1.011HsGPAT |D+1.016SATT |D+1.027Cuny1stSemGPAT |D+1.056GPAMissingF lagT |D
+ 0.866DependentT |D + 1.156NoDelayInEntryT |D + 1.015Cuny1stSemCreditsT |D
+0.949EntryAge+1.164BlackT |D +0.768HispanicT |D +0.919AsianT |D +1.311FemaleT |D




= 0.100S|D + 0.869AssocAtEntryS|D + 0.999CollegePrepUnitsS|D
+0.992HsGPAS|D+1.035SATS|D+1.089Cuny1stSemGPAS|D+1.072GPAMissingF lagS|D
+ 0.992DependentS|D + 1.220NoDelayInEntryS|D + 1.004Cuny1stSemCreditsS|D
+ 0.969EntryAge+ 1.462BlackS|D + 1.462HispanicS|D + 1.12AsianS|D + 1.485FemaleS|D
+ 1.105SpringEntrantS|D + 1.057PellRecipientS|D + 0.783RemedialNeedS|D (1.3)




= 0.029G|D + 0.432BA2G|D + 0.170AA1G|D + 3.593AA2G|D
+1.026CollegePrepUnitsG|D+1.024HsGPAG|D+0.935SATG|D+1.529Cuny1stSemGPAG|D
+ 2.115GPAMissingF lagG|D + 1.035DependentG|D + 1.374NoDelayInEntryG|D
+ 1.086Cuny1stSemCreditsG|D + 1.002EntryAge+ 1.021BlackG|D + 0.811HispanicG|D+
1.135AsianG|D + 1.579FemaleG|D
+ 0.916SpringEntrantG|D + 1.107PellRecipientG|D
+ 0.758RemedialNeedG|D (1.4)




= 0.672T |D + 1.306BA2T |D + 0.194AA1T |D + 5.273AA2T |D
+0.989CollegePrepUnitsT |D+1.007HsGPAT |D+1.015SATT |D+0.961Cuny1stSemGPAT |D
+ 0.982GPAMissingF lagT |D + 0.843DependentT |D + 1.102NoDelayInEntryT |D
+ 1.006Cuny1stSemCreditsT |D + 0.956EntryAge+ 1.176BlackT |D + 0.801HispanicT |D
+ 0.898AsianT |D + 1.236FemaleT |D + 0.958SpringEntrantT |D + 1.004PellRecipientT |D




= 0.100S|D + 2.282BA2S|D + 0.581AA1S|D + 3.763AA2S|D
+0.995CollegePrepUnitsS|D+0.992HsGPAS|D+1.034SATS|D+1.065Cuny1stSemGPAS|D
+ 1.057GPAMissingF lagS|D + 0.977DependentS|D + 1.183NoDelayInEntryS|D
+ 1.001Cuny1stSemCreditsS|D + 0.972EntryAge+ 1.458BlackS|D + 1.360HispanicS|D
+ 1.101AsianS|D + 1.445FemaleS|D + 1.086SpringEntrantS|D + 1.038PellRecipientS|D
+ 0.813RemedialNeedS|D (1.6)
Table 1.7: Comparison of Standardized Coefficients Measuring Degree Pursued at Entry with
Degree Band in Multinomial Logits of Student Outcome
Deg Pursued at Entry Deg Pursued at Entry and Exit
Graduation Transfer Still Enrolled Graduation Transfer Still Enrolled
Assoc at Entry 0.895** 0.969 0.867
[-0.111]** [-0.032] [-0.143]
BA2 0.433*** 1.306*** 2.267***
[-0.837]*** [0.267]*** [0.818]***
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AA1 0.170*** 0.194*** 0.578***
[-1.774]*** [-1.640]*** [-0.548]***




1.033*** 0.999 1.000 1.026*** 0.989*** 0.995
[0.033]*** [-0.001] [-0.000] [0.026]*** [-0.011]*** [-0.005]
HS GPA 1.028*** 1.011*** 0.992* 1.024*** 1.008*** 0.992*
[0.027]*** [0.011]*** [-0.008]* [0.024]*** [0.008]*** [-0.008]*
SAT 0.937*** 1.016 1.035* 0.935*** 1.015 1.034*
[-0.065]*** [0.016] [0.034]* [-0.067]*** [0.014] [0.033]*
1st Sem GPA 1.653*** 1.028** 1.090*** 1.529*** 0.962*** 1.066**
[0.503]*** [0.028]** [0.086]*** [0.425]*** [-0.039]*** [0.064]**
1st Sem GPA
Missing Flag
2.431*** 1.060 1.070 2.118*** 0.986 1.055
[0.888]*** [0.059] [0.068] [0.750]*** [-0.015] [0.054]
Dependent 1.078** 0.866*** 0.990 1.035 0.842*** 0.975
[0.075]** [-0.144]*** [-0.010] [0.034] [-0.172]*** [-0.026]
No Delay in
Entry
1.424*** 1.154*** 1.222*** 1.373*** 1.101*** 1.185***
[0.353]*** [0.144]*** [0.200]*** [0.317]*** [0.096]*** [0.169]***
1st Sem Cred-
its
1.100*** 1.015*** 1.004 1.086*** 1.005 1.001
[0.095]*** [0.015]*** [0.004] [0.082]*** [0.005] [0.001]
Age at Entry 0.995* 0.949*** 0.969*** 1.002 0.956*** 0.972***
[-0.005]* [-0.052]*** [-0.031]*** [0.002] [-0.045]*** [-0.029]***
Black 1.010 1.165*** 1.459*** 1.022 1.177*** 1.456***
[0.010] [0.152]*** [0.378]*** [0.022] [0.163]*** [0.376]***
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Hispanic 0.775*** 0.768*** 1.346*** 0.811*** 0.802*** 1.359***
[-0.255]*** [-0.264]*** [0.297]*** [-0.209]*** [-0.221]*** [0.306]***
Asian 1.153*** 0.919** 1.119 1.135*** 0.898** 1.100
[0.142]*** [-0.084]** [0.113] [0.127]*** [-0.107]** [0.095]
Female 1.621*** 1.311*** 1.486*** 1.581*** 1.235*** 1.446***
[0.483]*** [0.271]*** [0.396]*** [0.458]*** [0.211]*** [0.369]***
Spring Entrant 0.939* 0.992 1.106 0.918* 0.959 1.088
[-0.063]* [-0.009] [0.101] [-0.085]* [-0.042] [0.084]
Pell Recipient 1.148*** 1.036 1.056 1.106*** 1.003 1.037
[0.138]*** [0.035] [0.055] [0.100]*** [0.003] [0.037]
Remedial
Need
0.717*** 0.834*** 0.784*** 0.758*** 0.899*** 0.814***
[-0.332]*** [-0.181]*** [-0.243]*** [-0.277]*** [-0.107]*** [-0.205]***
Constant 0.014*** 0.388*** 0.101*** 0.029*** 0.672* 0.101***
[-4.299]*** [-0.946]*** [-2.297]*** [-3.553]*** [-0.397]* [-2.292]***
Observations 125,515 125,515 125,515 125,515 125,515 125,515
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
Measuring degree pursued at entry (“Assoc at Entry”) is only significant for graduation while
all dummy variables for degree bands are significant for all outcomes. This indicates to me that the
degree bands have potential as an aspect of the models that I use in this dissertation. Unfortunately,
log-likelihood statistics are not available for use in postestimation after models run on multiply
imputed data. This means that information criteria such as the Akaike’s information criterion (AIC)
or the Schwarz’s Bayesian information criterion (BIC) are not available to allow for comparison
of model fit. I argue that, lacking these information criteria, the fact that all three degree band
dummy variables were significant across all outcomes is sufficient support for including them in
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the model. While I could use dummy variables in overall models as I have done for this hypothesis
test, I am choosing instead to do separate subgroup analyses for each degree band for the remaining
models in the study. This allows me to dive into the differences in how covariates behave between
degree bands that would be harder to parse without a number of interactions between degree band
dummies and variables of interest. The discussion of the other other variables in the model will
take place in the next chapter when student outcomes are measured using subgroup analyses.
The remaining chapters of the dissertation will evaluate empirical support for hypotheses two
through five. The findings will inform both the scholarly discussion of issues of success in higher
education as well as the policy concerns of CUNY’s administration. The differences among the la-
tent subgroups that I will attempt to identify are of particular concern to CUNY’s ongoing mission
to provide a quality, affordable education to all its students. Shortening the time-to-degree for these
students would provide a benefit to both the student and the institution. Beyond the policy implica-
tions of the research, the impact of this dissertation also includes the methodological contribution
that it makes to the education literature. Sequence Analysis has never been applied to educational
research to my knowledge and a comparison of different measurements of time to degree such as I
undertake in the graduation chapter will also add to the knowledge based of educational research.
Chapter 2
Student Outcomes
While the overall focus of this dissertation is graduation, it is important to place it in the context of
all student outcomes. As stated in the introduction, it is important to accurately identify all student
outcomes in order to properly model them. For this reason, I use National Student Clearinghouse
data to identify students who transfer outside of CUNY. I also differentiate those students who
have not earned a degree and are not enrolled at the end of the 10-year time window (drop outs)
from those students who are still enrolled at the end of the analysis time.
This chapter will test the second and third hypotheses proposed in the introduction. Specifi-
cally, it will compare two models: one where degree pursued is measured only at entry to CUNY
and one where it is measured at entry to and exit from CUNY. Then, the decision tree models will
be run in order to identify potential interaction and non-linear terms to be included in models of
student outcomes as well as graduation models in the fourth chapter. Models with interaction terms
will be compared to models that only have main effects.
This chapter will culminate in a multinomial logistic analysis modeling the student outcomes.
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The dropped out category will be the reference category. This allows me to compare the prob-
ability of “successful” outcomes compared to the “unsuccessful” outcome. While I am not using
graduation data from the National Student Clearinghouse and the students in the still enrolled cat-
egory haven’t yet received a degree, both categories are much more likely to receive a degree than
students who are no longer in the higher education system after having left CUNY. The interac-
tions and/or non-linear terms identified in the decision tree models will be used in the model and
the significance of the terms will be used to test the third hypothesis (that a model that includes
only main effects fits the data more poorly than model that includes the terms identified by decision
tree analysis).
Table 2.1: Outcome by Degree Band
BA1 BA2 AA1 AA2 Total
Graduate 57.65 21.89 15.09 51.35 36.21
Transfer 12.96 26.48 8.32 30.41 15.74
Drop Out 26.07 40.94 73.26 10.20 43.31
Still Enrolled 3.32 10.69 3.33 8.04 4.75
N 34,813 4,079 55,148 31,475 125,515
Table 2.1, shows the frequency of each outcome category by degree bands. The results of this
table reinforce the need to separate by degree band in this and subsequent analyses. If we only
look at the Total column on the right, it looks as though CUNY students uniformly do not do
terribly well. A 36.21% 10-year graduation rate does not seem promising on its face, but we can
see that when broken down by degree band, this rate is being lowered by those who end up at the
associate level (BA2 and AA1). Those who end up at the baccalaureate level have graduation rates
in the upper 50s (57.65% for BA1 and 51.35% for AA2). For the purposes of this analysis, I am
defining graduation as earning any degree (certificate, associate, or baccalaureate) in the ten year
tracking window of analysis, regardless of the initial or final degree sought. That is, this measure
of graduation does not differentiate between those students who enter seeking an associate and end
up only earning a certificate from those students who earn both an associate and a baccalaureate
degree in their time at CUNY. This choice was made to cast the widest net possible for student
success at CUNY.
CHAPTER 2. STUDENT OUTCOMES 28
Table 2.2: Outcome Descriptives, All Degree Bands Pooled
Graduated Transferred Dropped Out Still Enrolled
White 30.57 24.14 21.75 18.80
Black 26.49 36.61 32.39 35.91
Hispanic 24.54 27.54 34.37 34.02
Asian 18.40 11.71 11.50 11.28
Male 35.89 42.55 48.52 39.33
Female 64.11 57.45 51.48 60.67
Independent 14.71 18.54 25.71 19.01
Dependent 85.29 81.46 74.29 80.99
Not Pell Recipient 44.69 44.35 44.37 41.86
Pell Recipient 55.31 55.65 55.63 58.14
Delayed Entry 24.57 29.59 38.9 29.30
No Delay in Entry 75.43 70.41 61.10 70.70
Fall Entrant 84.30 78.62 75.00 77.61
Spring Entrant 15.70 21.38 25.00 22.39
Age at Entry 20.35 20.45 21.96 20.69
College Prep Units 15.89 13.18 11.96 13.15
HS GPA 79.07 75.59 74.47 75.16
SAT Total, before tranformation 913.35 882.33 849.01 871.84
1st Sem Credits 9.40 6.00 5.06 5.98
1st Sem GPA 2.73 1.89 1.77 1.93
Out of the many variables available in the data set, I have chosen a set of predictors supported
by previous studies as predictive of student outcomes. Table 2.2 shows the descriptives for each
outcome category in terms of demographics, high school preparation, and first semester perfor-
mance at CUNY pooled across all degree bands. Note that the numbers for the variables before
Age are percentages and from Age to the last variable, the numbers are means. These variables
will be used in the decision trees analysis described in the next chapter as well as in the graduation
chapter.
Many of the results of this table are not surprising given the results available in the existing
literature. In the sample, White students are the largest percentage of all students who graduated .
Among students who dropped out of higher education within the analysis time, Hispanic students
were the largest percentage (followed closely by Black students). Hispanic and Black students
were the largest percentages of those students who were still enrolled. Surprisingly, Black students
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were the largest percentage of those students who transferred out of CUNY. Females outnumbered
males across all outcomes, but more so among graduates and transfers. Pell recipients were much
closer in number to non-Pell recipients than the other dichotomous variables. This potentially
indicates that Pell receipt is not a good predictor of outcome. Dependent students, those who did
not delay entry after high school graduation, and fall entrants outnumber their counterparts across
all outcomes but more so for graduation, transfer and still being enrolled than for drop outs. On
average, graduates tend to be younger, have better high school preparation, and perform better in
their first semester at CUNY.
These descriptives are broken down by degree band in tables A.1 - A.4 in appendix A. Many of
the trends noted in the overall table hold, with the exception of ethnicity. Degree bands that start
at the baccalaureate level (BA1 and BA2) have higher proportions of White and Asian students
within a given outcome compared to degree bands that start at the associate level (AA1 and AA2).
Initially-baccalaureate students also tend to be younger, better prepared in high school, and perform
better at CUNY in their first semester than initially-associate students.
2.1 Random Forest Models Exploring Interactions
Concerned that there may be interaction or non-linear effects not captured in the list of variables in
the introduction, I perform a series of decision trees on the data to see what might shake out from
the data. I conducted the decision tree analyses separately by degree band.
There are a number of ways to run a decision tree: one can run a more traditional recursive
partition tree (also known as CART), a conditional inference tree, or a random forest version of
either. There are a number of other types of decision tree algorithms. This dissertation will only
concern itself with these four. “Use of trees in regression dates back to the AID (Automatic Inter-
action Detection) program developed at the Institute for Social Research, University of Michigan,
by Morgan and Sonquist in the early 1960s” (Breiman et al., 1984). Leo Breiman, Jerome Fried-
man, Charles J. Stone, and R.A. Olshen expanded upon this work by introducing pruning and
cross-validation to previous tree-based methods in their CART algorithm (Breiman et al., 1984).
CHAPTER 2. STUDENT OUTCOMES 30
Torsten Hothorn, Kurt Hornik, and Achim Zeileis further expanded upon this work by introduc-
ing a method to overcome the issues in variables selection presence involved in CART (Hothorn
et al., 2006). The problem with variable selection in CART is that variables with larger numbers
of categories are more likely to be chosen as important than variables with fewer categories. The
CART algorithm is also subject to variable selection bias towards variables with large amounts
of missing data. This, however, is less of a issue as missing values have already been imputed
for the data used in the decision trees. Hothorn, Hornik, and Zeileis note that their work was in-
spired, in part, by earlier work that incorporated statistical significance tests. “The χ2 automated
interaction detection algorithm [CHAID]... is the first approach based on statistical significance
tests for contingency tables. Unbiasedness is achieved by a separation of variable selection and
splitting procedure” (Hothorn et al., 2006). Further, it should be noted that the creators of this
algorithm contend that since statistical significance is used as a stopping criteria, pruning should
not be necessary with a conditional inference tree as it is with a recursive partitioning tree.
Both CART and conditional inference trees have random forest implementations of their al-
gorithms. Random forests are an ensemble method for working with trees (the other prominent
method being bagging). Carolin Strobl, James Malley, and Gerhard Tutz note that the “rationale
behind ensemble methods is to base the prediction on a whole set of classification or regression
trees, rather than a single tree.... Intuitively speaking, random forests can improve the predictive
performance even further as compared to bagging, because the single trees involved in averaging
are even more diverse” (Strobl et al., 2009).
The literature seems to point to a random forest of conditional inference trees as being ideal in
terms of overfitting. In order to examine the different results that might be produced by different
types of decision trees/forests, I run all four types under discussion (CART, Conditional Infer-
ence Tree, Random Forest using CART, and Random Forest using Conditional Inference) for each
degree band.
I find that, using the variables that I intend to use in the multinomial logistic analysis of out-
come, CART produced trees so truncated that pruning was not necessary. I used a training sample
of 70% of all students within a degree band. The rpart package was used and the method option
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Table 2.3: CART Decision Trees by Degree Band
Split 1 Split 2
BA1 1st sem. Credits >= 6.75 None
BA2 1st sem. GPA >= 2.355 H.S. GPA >= 82.05
AA1 None None
AA2 1st sem. GPA >= 1.735 1st sem. GPA >= 0.685
was set to “class” as this is a classification problem. For BA1, there was only a single split chosen
by the algorithm on the training data: whether or not a student earned greater than or equal to 6.75
credits in their first semester at CUNY. For BA2, there were three terminal nodes. The first split
was on whether or not a students GPA in their first semester at CUNY was greater than or equal to
2.355. Of those whose GPA was greater than or equal to 2.355 in their first semester, there was a
further split of those who weighted high school GPA was greater than or equal to 82.05 or not. For
the AA1 students, the CART algorithm found no splits worth making. For AA2 students, CART
split the training data first into those who had a first semester GPA of 1.735 or greater and those
who did not. It then made second split of those who had a first semester GPA between 1.735 and
0.685 and those whose GPA was less than 0.685. The default splitting criterion for rpart is a GINI
impurity index. I reran the models using the other possible splitting criterion (Information gain)
and found no difference from the default.
These results indicate that performance in the first semester at CUNY is important in predicting
a student’s outcome (according to the criteria of the CART algorithm). However, this is not partic-
ularly useful for telling me whether or not any interactions or non-linear terms might be useful in
my final model. The results of the Conditional Inference Decision Trees were much more useful
for understanding the relative importance of different variables and what additional terms I might
want to add to my final model. The full trees for BA1, AA1, and AA2 are too large to present in
this dissertation. The full tree for BA2 is presented in figure 2.1.
The conditional inference tree for BA2 students shows that, for its first two levels, the GPA
earned in the first semester at CUNY (r.gpasem01), the number of college preparatory units earned
in high school (r.CPI), and the number of credits earned in the first semester at CUNY (crdsem01)
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are predictors of student outcome. While this is not surprising, the cutoff points and the branches
suggest both interactions and non-linear effects are at work. For example, the first cutoff point is
a GPA of 2.31 or lower earned in the first semester at CUNY. That this number is not an integer
suggests a non-linear effect to me. Further, that for those students who earned a GPA of 2.31 or
lower in their first semester at CUNY, whether or not a student earned 3 or fewer credits is the next
split. This suggests an interaction term of first semester performance to me. There are too many
branches to cover comprehensively here, but the overall trend suggests to me non-linear terms and
for first semester performance and interactions between them.
As table 2.4 shows, the number of terminal nodes for the conditional inference trees for the
various degree bands grew quickly unwieldy in terms of presentation and interpretation. While
it might be feasible to interpret a tree with sixteen nodes, a tree with ninety-one nodes (such as
the one for BA1) is so complex as to make policy-relevant inferences impractical. Further, the
predictive accuracy of the conditional inference trees varies widely depending on the outcome and
the degree band.
Table 2.4: Counts of Terminal and Total Nodes in Conditional Inference Trees





Table 2.5 shows the accuracy statistics for the conditional interference trees referenced in table
2.4. Sensitivity is a measure of the rate of true positive identification and specificity is a measure of
the true negative rate. That is, the value of 0.92 sensitivity for graduates for BA1 indicates that BA1
students who did in fact graduate were correctly predicted as such by the model ninety-two times
out of a hundred. On the other hand BA1 drop outs were only correctly identified as drop outs
thirty-seven times out of a hundred and none of the still enrolled students in BA1 were correctly
identified as such.
In general, the models do well at predicting the more prevalent outcomes in a degree band.
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That is, BA1 and AA2 have the highest prevalence of graduates (0.59 and 0.57 respectively) and
also do the best at correctly predicting graduates. BA2 and AA1 has the highest prevalence of
drop outs (0.41 and 0.73 respectively) and has the highest sensitivity for those outcomes. None
of the degree bands do particularly well at correctly predicting transfer or being still enrolled at
the end of the tracking window. However those degree bands that involve a change in degree level
(BA2 and AA2) do the best at predicting transfer (0.23 and 0.36 sensitivity, respectively). The
relationship between prevalence and sensitivity and specificity is captured by the positive and neg-
ative predicted values. The positive and negative predicted values are the ratios of true positives
to all positive predictions and true negatives to all negatives predictions. These numbers are dif-
ferent than the sensitivity and specificity because they include the false positives and negatives in
the denominators. Thus, we can see that the conditional inference tree for BA1 was very good at
predicting graduation for actual graduates (a sensitivity of 0.92) but it also tended to attribute grad-
uation to a number of students who did not in fact graduate (leading to a positive predictive value
of 0.66). The detection rate is the ratio of true positives to all events and the detection prevalence
is the rate of true and false positives to all events. The balanced accuracy is the average of the
sensitivity and the specificity.
Having tried single tree versions of CART and Conditional Inference trees, I also ran random
forest versions of each. The results were similar for both kinds of forests. The R package used to
run the CART random forest (bigrf) has a wider variety of options for determining and representing
variable importance and interactions than the package for Conditional Inference forests (party).
Because of this, I present the results from the CART random forest below.
For each degree band, I run a separate random forest model, using the covariates described in
the introduction to predict student outcomes. 500 trees are run for each degree band to create the
forest. Figures 2.2 and 2.3 present the error rates for the random forests run by degree band. As the
conditional inference trees show, the covariates in the models for BA1 and AA2 are particularly
good at predicting graduation while the models for BA2 and AA1 are particularly good at predict-
ing drop out. The models for BA2 and AA2 were the best at predicting transfer, but even they did
not do particularly well. This is further evidence that the best predictors of transfer are not in my
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Table 2.5: Accuracy Statistics for Conditional Inference Trees
Graduates Transfers Drop Outs Still Enrolled
BA1
Sensitivity 0.92 0.01 0.37 0.00
Specificity 0.33 1.00 0.89 1.00
Pos. Pred Value 0.66 0.47 0.53 NaN
Neg Pred Value 0.76 0.87 0.80 0.98
Prevalence 0.59 0.13 0.26 0.02
Detection Rate 0.54 0.00 0.10 0.00
Detection Prevalence 0.82 0.00 0.18 0.00
Balanced Accuracy 0.63 0.50 0.63 0.50
BA2
Sensitivity 0.28 0.23 0.82 0.00
Specificity 0.90 0.89 0.36 1.00
Pos. Pred Value 0.49 0.43 0.47 NaN
Neg Pred Value 0.79 0.76 0.74 0.92
Prevalence 0.25 0.26 0.41 0.08
Detection Rate 0.07 0.06 0.33 0.00
Detection Prevalence 0.14 0.14 0.71 0.00
Balanced Accuracy 0.59 0.56 0.59 0.50
AA1
Sensitivity 0.12 0.00 0.98 0.00
Specificity 0.98 1.00 0.08 1.00
Pos. Pred Value 0.59 NaN 0.75 NaN
Neg Pred Value 0.86 0.92 0.64 0.97
Prevalence 0.16 0.08 0.73 0.03
Detection Rate 0.02 0.00 0.72 0.00
Detection Prevalence 0.03 0.00 0.97 0.00
Balanced Accuracy 0.55 0.50 0.53 0.50
AA2
Sensitivity 0.90 0.36 0.00 0.01
Specificity 0.30 0.89 1.00 1.00
Pos. Pred Value 0.63 0.58 NaN 0.53
Neg Pred Value 0.69 0.76 0.90 0.97
Prevalence 0.57 0.30 0.10 0.03
Detection Rate 0.51 0.11 0.00 0.00
Detection Prevalence 0.81 0.19 0.00 0.00
Balanced Accuracy 0.60 0.62 0.50 0.50
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current model. I would suggest that they probably are not in the data I have in general and quali-
tative work would be necessary to identify the reasons why students transfer. Unfortunately such
an analysis is beyond the scope of this dissertation. The black line in these plots is the Out of Bag
Error (OOB). In creating each tree in a forest, a subsample of cases is left out of the construction
of the tree. Once the tree has been created, this subsample is used to test the classification error of
the tree. Out of all four forests, the AA1 forest has the smallest OOB error rate and BA2 has the
largest.
Figures 2.4 and 2.5 show the results of two variable importance measures (mean decrease in
accuracy and mean decrease in Gini) for all four degree bands. The mean decrease in accuracy is
“computed from permuting OOB data: For each tree, the prediction error on the out-of-bag portion
of the data is recorded (error rate for classification, MSE for regression). Then the same is done
after permuting each predictor variable. The difference between the two are then averaged over
all trees, and normalized by the standard deviation of the differences” (Liaw and Wiener, 2002).
Across all degree bands, high school preparation and first semester performance rank highly, with
age at entry and college of entry cropping up as well. This indicates that high school preparation
and first semester performance are good candidates for interactions in modeling outcome (as well
as for use in the later models).
Table 2.6 shows the matrix of variable interactions for the random forest model for BA1 stu-
dents. Tables A.5 - A.7 in appendix A show the matrices for the BA2 - AA2 models. In these
matrices, a high positive value is indicative of a potential interaction. Leo Breiman and Adele
Cutler state that “[t]he operating definition of interaction used [in random forests] is that variables
m and k interact if a split on one variable, say m, in a tree makes a split on k either systematically
less possible or more possible. The implementation used is based on the gini values g(m) for each
tree in the forest. These are ranked for each tree and for each two variables, the absolute differ-
ence of their ranks are averaged over all trees” (Breiman and Culter, 2015). There were a large
number of positive values in these matrices and there is no guidance in the documentation for the
bigrf package for what constitutes a “large” value in this context. Thus, I ran a series of models
predicting student outcome and testing each interaction individually for the largest degree band
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(a) BA1
(b) BA2
Figure 2.2: Error Rate Plots, BA1 and BA2
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(a) AA1
(b) AA2
Figure 2.3: Error Rate Plots, AA1 and AA2
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(a) Variable Importance BA1
(b) Variable Importance BA2
Figure 2.4: Variable Importance Plots for Degree Bands BA1 and BA2
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(a) Variable Importance AA1
(b) Variable Importance AA2
Figure 2.5: Variable Importance Plots for Degree Bands AA1 and AA2
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(AA1) with the full set of main effects. There were forty one models run in total, of which twenty
five had a significant coefficient for at least one outcome in a multinomial logistic regression of
outcome. Eleven of the interactions were significant for two outcomes in the multinomial model
(i.e. they were significant in predicting graduation compared to drop out and transfer compared
to drop out). I then ran a model with all twenty five interactions included in it. Many of the
previously significant interactions dropped out of significance. I also ran models with non-linear
first semester performance terms in them. While some of the results were significant, the focus
of this dissertation remains on interactions and thus they are not included in the models to follow.
Due to space considerations, the models referenced above are not included here. Looking at the
interactions that retained their significance in the combined model, many of them were involved
ethnicity and high school preparation and ethnicity and first semester performance. As the number
of significant interactions are likely to decrease for the smaller degree bands, I am confident that
the set of interactions identified in these models represents a solid set of variables to include in the
models to follow. Based on these results, the next section describes the interactions and present a
model of student outcomes. These interactions are also used in the graduation chapter.
2.2 Models of Student Outcomes
Given the results of the decision tree models from the previous section, in all following models
in this study I will use a set of interactions that focus on the interactions of ethnicity, high school
preparation, and first semester performance at CUNY. This will allow me to explore the ways the
preparation and early performance affect student outcomes differently depending upon a student’s
ethnicity while more creating more accurate models of student outcomes in general and graduation
in particular.
In order to create more parsimonious models, I focus on interactions of ethnicity and high
school preparation, ethnicity and early performance. I also include some interactions that remain
significant even in the presence of a large number of other interactions. The interactions that are
used for all models in the dissertation moving forward are as follows:
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1. Ethnicity
a) SAT and Ethnicity (for BA1 and BA2)
b) HS GPA and Ethnicity
c) College Prep Units and Ethnicity
d) 1st Sem. GPA and Ethnicity
e) 1st Sem. Credits and Ethnicity
f) Gender and Ethnicity
2. Early Performance
a) 1st Sem. Credits and 1st Sem. GPA
b) 1st Sem. GPA and HS GPA
To test the second hypothesis laid out in the introduction, I add the interaction effects listed
above to the model with main effects only and examine the significance of the interaction effects
to determine the appropriateness of including them in the model.
Tables 2.7 - 2.10 show the relative risk ratios from the multinomial logistic regressions of
student outcome by degree band with the interaction terms. Relative risk ratios are exponentiated
versions of the coefficients produced by the model. All coefficients are the factor by which the
odds of an outcome (graduated, transferred, still enrolled) change due to an increase of one unit
in the variable compared to the odds of dropping out, holding all other variables constant (Long
and Freese, 2014). In all four tables, dropped out is the reference category. There are over 100
significant coefficients across the three outcomes models for each of the four degree bands. As
my analysis focuses on the interactions of ethnicity and high school preparation, ethnicity and
first semester performance, and the interactions of first semester performance with itself and with
high school preparation, I focus on the significant interaction terms in the models. Due to space
considerations, I focus on the most interesting interactions within models. I only analyze two
instances of the same interaction within a given set of models if I want to make a comparison.
An example of this would be the interaction of ethnicity and college preparatory units. I present
plots of this interaction for the AA1 and AA2 degree band models in order to compare the two.
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Further, while there were interesting results within the other outcomes predicted (transfer and
being still enrolled at semester 20), the focus of this dissertation is on graduation. Other outcomes
were included in order to more accurately measure student outcomes in general. The discussion
presented here will limit itself to the predictors of graduating compared to dropping out.
As the figures below demonstrate, the results for the interactions of ethnicity and other co-
variates paint a more complex picture of the effects of high school preparation and early college
performance than the main effects do alone. Figures 2.6 - 2.8 are plots of the predictive margins
of the variables used in the interactions1. Figure 2.6a show the interaction of first semester GPA
at CUNY and high school GPA. First semester GPA is measured on a 0.0 to 4.0 scale. This and
all other plots where levels of first semester GPA are ploted against either high school GPA or first
semester credits only measure first semester GPA as integers. This is to minimize the visual con-
fusion of too many lines in a plot. Plotted against high school GPA, all five levels of first semester
GPA are used in the computation of margins. In the plots of first semester GPA and first semester
credits, only first semester GPA of 1.0 to 4.0 is plotted. This limitation was introduced because
of the logical impossibility of earning more than zero credits in the first semester with a GPA of
0.0. While this occurs in small numbers in the data due to students taking pass/fail courses, the
number is not large enough to justify predicting the probability of graduation for a student earning
a non-zero number of credits with a GPA of zero. When first semester GPA is plotted against high
school GPA, however, a first semester GPA of zero is perfectly reasonable to plot and thus all levels
are included. High school GPA is measured on a 0-100 scale, but due to the frequency of various
levels of this variable, only a range of sixty to ninety-five is plotted in this dissertation. In this plot
increasing high school GPA has no effect on the probability of graduation compared to dropping
out for students whose first semester GPA at CUNY is 0.0. The lines for first semester GPAs of
1.0, 2.0, or 3.0 show modest increases in the return to higher high school GPA on the probability
of graduation. The biggest differences are their starting and ending points. Students with a high
1The margin plots included in this chapter and the logistic regression margin plots in chapter four are produced
using a modification of the normal technique in Stata. For data that have not been multiply-imputed, creating margin
plots is remarkably easy. To do so with imputed data in a more traditional way is exceedingly computationally inten-
sive. As a compromise, the imputed data sets were stacked on top of each other and the same regression analyses done
on the imputed data were conducted on the stacked, imputed data. In this way, it was possible to create these plots
using imputed data but in a less time-intensive manner.
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school GPA of 60 and a first semester GPA of 1.0 have a less than 0.4 predicted probability of
graduating compared to dropping out. Students with a high school GPA of 100 and a first semester
GPA of 1.0 have a predicted probability of graduating compared to dropping out of over 0.5. The
lines of 2.0 and 3.0 first semester GPAs are similar in slope to the 1.0 line but higher. Most inter-
esting is the line for a first semester GPA of 4.0. It starts off lower than that those for 2.0 and 3.0
GPAs but rises more quickly as high school GPA increases.
The interactions of the dummy variables for Black and Hispanic students and first semester
GPA at CUNY were significant. Figure plots the interaction of ethnicity and first semester GPA.
In this plot, we can see that Black students with a GPA of 0.0 start off with a lower probability
of graduation than White students with the same first semester GPA. However, the increase in
the probability of graduation compared to dropping out is greater for Black students than it is for
White students. Black students catch up to White students in terms of probability of graduation if
they have a first semester GPA of 3.0 and their probability of graduation is even higher for those
Black students who earn a first semester GPA of 4.0 compared to White students who earn a 4.0.
Hispanic students start off at almost the same probability of graduation compared to dropping out
that Black students do compared to White students among those students who earn a first semester
GPA of zero. As first semester GPA increases, however, the gap between the two groups grows,
with Hispanic students who earn a 4.0 GPA having a higher probability of graduating than Black
students compared to White students.
Figure 2.7a shows a plot of the effects of the interaction of ethnicity and college preparatory
units on the probability of graduation compared to dropping out for AA1 students. In this and all
other plots of ethnicity and college preparatory units, the range of units is zero to twenty-five. This
range was determined by looking at the frequency of units earned across all degree bands. All three
of the interactions included in the model were significant. The lines for Black and Asian students
closely follow each other with the probability of graduation for Black students being just slightly
lower at any given number of preparatory units than the probability for Asian students. The slope
of the line for Hispanic students was very similar to those of Black and Asian students, but at each
point on the line the probability of graduation compared to dropping out was quite a bit lower.
CHAPTER 2. STUDENT OUTCOMES 46
Figure 2.7b presents the predictive margins of the interaction of ethnicity and high school GPA
for AA1 students. In the model (presented in table 2.9), only the coefficient for the interaction of
the flag for Black students and high school GPA was statistically significant. The slope of the line
for Black students is a lot steeper than that for White students. At a high school GPA of 60, Black
students were slightly less likely to graduate than drop out compared to White students. However,
at higher levels of high school GPA, Black students are increasingly more likely to graduate than
drop out compared to White students. This indicates that high school preparation is an important
predictor of graduation for Black students above and beyond what it is for other students. This has
implications for the weighting of high school GPA in admissions decisions in concert with other
factors such as college preparatory units and SAT score.
Figure 2.8a presents the effect of the interaction of first semester GPA and first semester credits
on the probability of graduation for BA2 students. This plot is interesting in that for the various
levels of first semester GPA, the distance between their probabilities increases as the number of
first semester credits increases. This indicates that the relationship between first semester credits
depends not only on the number of credits but also in how well one does in them. Because of this,
in order to correctly model graduation outcomes, it is not sufficient to include first semester GPA
and credits as main effects. The interaction of them should be included in any model seeking to
describe the predictors of graduation.
Finally, figure 2.8b shows the predicted margins of the ethnicity and college preparatory units
for the AA2 model. In this model, all three interactions were significant. Out of all of the groups,
the slope for the line for White students is the steepest, indicating that higher numbers of col-
lege preparatory units are correlated with a higher predicted probability of graduating compared to
dropping out than all of other ethnicities in this model. While this is true, college preparatory units
still have a quite positive effect on the graduation probabilities of both Hispanic and Black students,
with Hispanic students receiving a greater benefit from more units than Black students. Interest-
ingly, the line for Asian students is much flatter than it is for the other groups. This indicates that
college preparatory units have a comparatively much smaller effect on Asian students’ probability
of graduating compared to dropping out, although they start out with a greater probability than the
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other ethnic groups and end up second only to White students.
These results indicate that including interactions of ethnicity and high school preparation, eth-
nicity and first semester performance, high school GPA and first semester GPA, as well as first
semester credits and first semester GPA add useful information to models of student outcome.
While it is possible that I might have arrived at this set of interactions through theoretical means
or through less complicated methodologies, I contend that including decision tree analysis was
important in that it gave me directions for exploring interactions as well as measures of variable
importance. Further, the suite of decision tree analyses that I conducted point out the deficiencies
of the set of covariates with regard to modeling transfer. While there are significant coefficients in
the transfer columns of the tables above, the decision tree analyses point out that the classification
error for transfers is higher than it is for graduates and drop outs.
The next chapter will present a series of sequence analyses that illuminate the patterns of en-
rollment, stop out, transfer, and graduation within the degree bands. The results of the sequence
analyses are used as the basis of a typology of graduation in the fourth chapter.
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(a) Predictive Margins of Interaction between 1st Sem GPA and HS GPA on Probability of Graduation, BA1
(b) Predictive Margins of Interaction between Ethnicity and 1st Sem GPA,BA1
Figure 2.6: Predictive Margins of Two Interactions, BA1
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(a) Predictive Margins of Interaction between Ethnicity and College Prep Units on Probability of Graduation,
AA1
(b) Predictive Margins of Interaction between Ethnicity and HS GPA, AA1
Figure 2.7: Predictive Margins of Two Interactions, AA1
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(a) Predictive Margins of Interaction between 1st Sem Credits and 1st Sem GPA on Probability of Graduation,
BA2
(b) Predictive Margins of Interaction between Ethnicity and College Prep Units on Probability of Graduation,
AA2
Figure 2.8: Predictive Margins of Two Interactions, BA2 and AA2
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Table 2.7: Relative Risk Ratios from Multinomial Logit of Student Outcome, BA1
Graduation Transfer Still Enrolled
Black * SAT Total 1.002 0.888** 0.956
[0.002] [-0.119]** [-0.045]
Hispanic * SAT Total 0.958 0.945 0.956
[-0.043] [-0.057] [-0.045]
Asian * SAT Total 1.049 0.972 0.959
[0.048] [-0.028] [-0.042]
Black * HS GPA 1.011 1.012 1.036
[0.011] [0.012] [0.036]
Hispanic * HS GPA 0.998 1.005 1.038
[-0.002] [0.005] [0.038]
Asian * HS GPA 0.992 0.989 1.066**
[-0.008] [-0.012] [0.064]**
Black * College Prep Units 0.969** 0.989 0.964
[-0.032]** [-0.011] [-0.037]
Hispanic * College Prep Units 1.002 1.002 0.944*
[0.002] [0.002] [-0.057]*
Asian * College Prep Units 0.979 0.992 0.901**
[-0.021] [-0.008] [-0.105]**
Black * 1st Sem GPA 1.168** 0.997 0.854
[0.155]** [-0.003] [-0.157]
Hispanic * 1st Sem GPA 1.115* 0.899 1.073
[0.109]* [-0.106] [0.070]
Asian * 1st Sem GPA 1.011 1.022 0.992
[0.011] [0.021] [-0.008]
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Black * 1st Sem Credits 0.984 0.988 1.075*
[-0.016] [-0.012] [0.072]*
Hispanic * 1st Sem Credits 0.993 1.016 1.074*
[-0.007] [0.016] [0.071]*
Asian* 1st Sem Credits 0.977 1.035 1.031
[-0.023] [0.034] [0.031]
Black Female 0.872 0.929 0.682
[-0.136] [-0.074] [-0.383]
Hispanic Female 1.123 1.152 0.943
[0.116] [0.141] [-0.059]
Asian Female 0.933 1.028 0.694
[-0.070] [0.027] [-0.366]
1st Sem Credits * 1st Sem GPA 1.015*** 1.024*** 0.996
[0.015]*** [0.024]*** [-0.004]
1st Sem GPA * HS GPA 1.012*** 1.002 0.992
[0.011]*** [0.002] [-0.008]
College Prep Units 1.050*** 1.000 1.037
[0.049]*** [-0.000] [0.037]
HS GPA 0.999 0.998 0.987
[-0.001] [-0.002] [-0.013]
SAT 0.890*** 1.087*** 1.079
[-0.116]*** [0.083]*** [0.076]
1st Sem GPA 0.539** 0.816 2.238
[-0.619]** [-0.203] [0.806]
1st Sem GPA Missing Flag 1.328* 1.006 1.041
[0.284]* [0.006] [0.040]
Dependent 1.203* 0.963 1.432
[0.185]* [-0.038] [0.359]
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No Delay in Entry 1.665*** 1.192** 1.189
[0.510]*** [0.176]** [0.173]
1st Sem Credits 1.076*** 0.954*** 0.954
[0.073]*** [-0.047]*** [-0.047]
Age at Entry 0.985** 0.934*** 1.01
[-0.016]** [-0.069]*** [0.010]
Black 0.589 1.088 0.204
[-0.529] [0.084] [-1.590]
Hispanic 0.789 0.594 0.101
[-0.237] [-0.521] [-2.292]
Asian 3.484* 2.332 0.048
[1.248]* [0.847] [-3.028]
Female 1.495*** 1.264*** 1.351
[0.402]*** [0.234]*** [0.301]
Spring Entrant 0.817* 0.778* 1.342
[-0.202]* [-0.251]* [0.294]
Pell Recipient 1.208*** 1.134** 1.208*
[0.189]*** [0.126]** [0.189]*
Remedial Need 0.730*** 0.874* 0.704**
[-0.314]*** [-0.134]* [-0.350]**
Constant 0.157** 1.112 0.024*
[-1.854]** [0.106] [-3.712]*
Observations 34,811 34,811 34,811
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
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Table 2.8: Relative Risk Ratios from Multinomial Logit of Student Outcome, BA2
Graduation Transfer Still Enrolled
Black * SAT Total 1.096 0.869 0.939
[0.092] [-0.141] [-0.062]
Hispanic * SAT Total 1.091 0.911 1.024
[0.087] [-0.093] [0.024]
Asian * SAT Total 1.128 0.849 1.024
[0.121] [-0.164] [0.024]
Black * HS GPA 1.015 0.989 0.969
[0.015] [-0.011] [-0.031]
Hispanic * HS GPA 0.992 1.016 0.957
[-0.008] [0.016] [-0.044]
Asian * HS GPA 0.974 0.989 0.997
[-0.026] [-0.011] [-0.003]
Black * College Prep Units 0.979 1.047 0.940
[-0.022] [0.046] [-0.062]
Hispanic * College Prep Units 1.000 1.083* 0.990
[0.000] [0.080]* [-0.010]
Asian * College Prep Units 0.943 0.991 0.926
[-0.059] [-0.010] [-0.077]
Black * 1st Sem GPA 0.980 0.807 0.939
[-0.020] [-0.214] [-0.063]
Hispanic * 1st Sem GPA 1.032 1.081 1.031
[0.032] [0.078] [0.031]
Asian * 1st Sem GPA 1.071 0.839 1.414
[0.069] [-0.175] [0.346]
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Black * 1st Sem Credits 1.027 1.064 1.009
[0.026] [0.062] [0.009]
Hispanic * 1st Sem Credits 0.972 0.978 1.038
[-0.028] [-0.022] [0.037]
Asian* 1st Sem Credits 0.976 1.071 0.929
[-0.025] [0.068] [-0.074]
Black Female 1.048 0.861 1.138
[0.047] [-0.150] [0.129]
Hispanic Female 0.961 0.795 1.101
[-0.040] [-0.230] [0.096]
Asian Female 1.185 0.743 1.103
[0.170] [-0.297] [0.098]
1st Sem Credits * 1st Sem GPA 1.041*** 1.032** 1.040*
[0.040]*** [0.032]** [0.039]*
1st Sem GPA * HS GPA 1.012 0.997 0.998
[0.012] [-0.003] [-0.002]
College Prep Units 1.060* 0.922*** 1.044
[0.059]* [-0.081]*** [0.043]
HS GPA 1.004 1.041* 1.027
[0.004] [0.040]* [0.026]
SAT 0.897 1.172** 1.047
[-0.109] [0.158]** [0.046]
1st Sem GPA 0.417 1.252 0.967
[-0.874] [0.225] [-0.033]
1st Sem GPA Missing Flag 1.455 1.115 0.682
[0.375] [0.109] [-0.382]
Dependent 0.722 0.662 0.903
[-0.326] [-0.413] [-0.102]
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No Delay in Entry 1.243 0.888 0.901
[0.217] [-0.118] [-0.104]
1st Sem Credits 0.991 0.933* 0.944
[-0.009] [-0.069]* [-0.058]
Age at Entry 0.992 0.997 0.955
[-0.008] [-0.003] [-0.046]
Black 0.190 2.061 87.140
[-1.663] [0.723] [4.468]
Hispanic 1.126 0.124 46.021
[0.119] [-2.091] [3.829]
Asian 11.025 4.891 5.610
[2.400] [1.587] [1.725]
Female 1.797*** 1.277 1.268
[0.586]*** [0.244] [0.237]
Spring Entrant 0.908 0.553* 0.400
[-0.096] [-0.592]* [-0.915]
Pell Recipient 0.857 0.707*** 0.755
[-0.154] [-0.347]*** [-0.281]
Remedial Need 0.735* 0.632*** 0.725
[-0.307]* [-0.459]*** [-0.321]
Constant 0.138 0.130 0.016
[-1.981] [-2.042] [-4.133]
Observations 3,947 3,947 3,947
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
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Table 2.9: Relative Risk Ratios from Multinomial Logit of Student Outcome, AA1
Graduation Transfer Still Enrolled
Black * HS GPA 1.014* 0.996 1.005
[0.014]* [-0.004] [0.005]
Hispanic * HS GPA 1.013 0.995 1.010
[0.013] [-0.005] [0.010]
Asian * HS GPA 0.999 0.982 1.018
[-0.001] [-0.019] [0.018]
Black * College Prep Units 0.975*** 0.997 1.010
[-0.026]*** [-0.003] [0.010]
Hispanic * College Prep Units 0.980** 1.010 1.017
[-0.020]** [0.009] [0.017]
Asian * College Prep Units 0.972*** 1.001 0.998
[-0.028]*** [0.001] [-0.002]
Black * 1st Sem GPA 1.032 1.060 1.056
[0.032] [0.058] [0.054]
Hispanic * 1st Sem GPA 0.987 1.010 0.990
[-0.013] [0.010] [-0.010]
Asian * 1st Sem GPA 0.929 0.962 0.880
[-0.074] [-0.038] [-0.128]
Black * 1st Sem Credits 1.023* 0.978 0.990
[0.022]* [-0.023] [-0.010]
Hispanic * 1st Sem Credits 1.026** 0.980 1.024
[0.026]** [-0.020] [0.023]
Asian* 1st Sem Credits 0.998 1.015 1.058
[-0.002] [0.014] [0.056]
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Black Female 1.034 1.132 1.350
[0.033] [0.124] [0.300]
Hispanic Female 1.062 0.812* 1.049
[0.060] [-0.208]* [0.048]
Asian Female 0.846 0.767* 0.679
[-0.167] [-0.265]* [-0.387]
1st Sem Credits * 1st Sem GPA 1.016*** 1.008 0.989
[0.016]*** [0.008] [-0.011]
1st Sem GPA * HS GPA 0.999 0.999 0.998
[-0.001] [-0.001] [-0.002]
College Prep Units 1.049*** 0.993 0.989
[0.048]*** [-0.007] [-0.011]
HS GPA 1.013 1.019* 0.986
[0.012] [0.018]* [-0.014]
1st Sem GPA 1.794*** 1.027 1.224
[0.585]*** [0.027] [0.202]
1st Sem GPA Missing Flag 2.345*** 0.881* 1.168
[0.852]*** [-0.126]* [0.156]
Dependent 1.002 0.851** 0.960
[0.002] [-0.161]** [-0.041]
No Delay in Entry 1.305*** 1.165*** 1.211**
[0.267]*** [0.152]*** [0.192]**
1st Sem Credits 1.033** 0.996 1.015
[0.032]** [-0.005] [0.015]
Age at Entry 1.000 0.962*** 0.966***
[-0.000] [-0.039]*** [-0.035]***
Black 0.438 1.911 0.647
[-0.825] [0.648] [-0.436]
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Hispanic 0.366* 1.677 0.433
[-1.005]* [0.517] [-0.837]
Asian 2.370 4.262 0.342
[0.863] [1.450] [-1.073]
Female 1.714*** 1.211* 1.550**
[0.539]*** [0.192]* [0.438]**
Spring Entrant 0.986 1.058 1.185
[-0.014] [0.057] [0.170]
Pell Recipient 1.027 1.038 1.059
[0.026] [0.037] [0.057]
Remedial Need 0.716*** 0.880** 0.822**
[-0.334]*** [-0.128]** [-0.196]**
Constant 0.009*** 0.080*** 0.158
[-4.702]*** [-2.523]*** [-1.847]
Observations 55,131 55,131 55,131
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
Table 2.10: Relative Risk Ratios from Multinomial Logit of Student Outcome, AA2
Graduation Transfer Still Enrolled
Black * HS GPA 1.000 0.997 0.968
[-0.000] [-0.003] [-0.033]
Hispanic * HS GPA 0.995 0.978* 0.957*
[-0.005] [-0.022]* [-0.044]*
Asian * HS GPA 1.006 1.007 0.986
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[0.006] [0.006] [-0.014]
Black * College Prep Units 0.973** 0.988 1.022
[-0.027]** [-0.012] [0.022]
Hispanic * College Prep Units 0.976* 0.982 1.012
[-0.024]* [-0.019] [0.012]
Asian * College Prep Units 0.958** 0.977 0.999
[-0.043]** [-0.024] [-0.001]
Black * 1st Sem GPA 1.235*** 1.115 1.192
[0.211]*** [0.109] [0.175]
Hispanic * 1st Sem GPA 1.095 0.996 1.063
[0.091] [-0.004] [0.061]
Asian * 1st Sem GPA 1.060 1.156* 1.272
[0.058] [0.145]* [0.240]
Black * 1st Sem Credits 1.004 0.988 1.013
[0.004] [-0.012] [0.013]
Hispanic * 1st Sem Credits 0.988 0.982 1.015
[-0.012] [-0.018] [0.015]
Asian* 1st Sem Credits 1.003 1.025 1.003
[0.003] [0.025] [0.003]
Black Female 0.720** 0.829 1.190
[-0.329]** [-0.187] [0.174]
Hispanic Female 0.832 0.817 1.044
[-0.184] [-0.202] [0.043]
Asian Female 0.806 0.723* 0.606
[-0.216] [-0.324]* [-0.502]
1st Sem Credits * 1st Sem GPA 1.005 1.029*** 0.995
[0.005] [0.028]*** [-0.005]
1st Sem GPA * HS GPA 1.006 1.012*** 1.000
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[0.005] [0.012]*** [-0.000]
College Prep Units 1.017* 0.982* 0.964*
[0.017]* [-0.018]* [-0.037]*
HS GPA 0.992 0.968** 1.011
[-0.008] [-0.032]** [0.011]
1st Sem GPA 0.680 0.271*** 0.821
[-0.385] [-1.306]*** [-0.197]
1st Sem GPA Missing Flag 1.318* 0.549*** 0.645*
[0.276]* [-0.599]*** [-0.438]*
Dependent 1.217** 0.930 0.875
[0.197]** [-0.072] [-0.134]
No Delay in Entry 1.147** 0.908 1.031
[0.137]** [-0.097] [0.031]
1st Sem Credits 1.014 0.901*** 0.975
[0.014] [-0.104]*** [-0.025]
Age at Entry 1.015* 0.969*** 0.975*
[0.015]* [-0.032]*** [-0.025]*
Black 0.885 1.418 5.672
[-0.122] [0.349] [1.736]
Hispanic 1.729 6.951* 25.091*
[0.548] [1.939]* [3.223]*
Asian 1.221 0.548 1.726
[0.200] [-0.602] [0.546]
Female 1.817*** 1.382*** 1.195
[0.597]*** [0.324]*** [0.178]
Spring Entrant 0.813* 0.775** 0.750
[-0.206]* [-0.255]** [-0.288]
Pell Recipient 1.225*** 1.048 0.974
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[0.203]*** [0.047] [-0.027]
Remedial Need 0.970 1.163** 0.991
[-0.031] [0.151]** [-0.009]
Constant 2.925 333.147*** 0.675
[1.073] [5.809]*** [-0.394]
Observations 31,473 31,473 31,473
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
Chapter 3
Sequence Analysis
What is Sequence Analysis?
Sequence Analysis is a group of techniques used to describe and analyze data where multiple
observations of a subject are measured over time and the order of the sequence is considered
important. For example, in a study of unemployment, it could be important that a particular subject
went from employment at the first time of measurement to unemployment at the second time
of measurement while another subject went in the opposite order. While both of these subjects
exhibit the same two states at either the first or second measurement, one sequence represents
losing a job and the other represents finding one. In a case like this, the ordering of states over
time is of crucial importance. Sequence Analysis includes the ordering of states inherently and
can accommodate a variety of types and formats of data. Additionally, the ability of Sequence
Analysis to take the entirety of a career as it is measured by a sequence is touted by the proponents
of Sequence Analysis as one of its primary strengths. Andrew Abbott notes the differences between
what he terms the "whole-career view" used in Sequence Analysis and more traditional stochastic
methodologies (Abbott, 2001). Abbott is unabashedly in favor of non-parametric methods such
as SA that consider something like a student’s tenure at a university as an entire unit (a whole
career) instead of as a series of outcomes over time that are the product of an underlying stochastic
process. He contends that by considering the career as a whole, issues surrounding the various
63
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assumptions of traditional methods are avoided. These assumptions include the idea that if a
variable significantly predicts another variable, it does so consistently across time. This goes
beyond the question of whether or not the relationship between two variables is linear or monotonic
across time. The assumption includes the idea that if a variable is a significant predictor in a
student’s first semester, it will also be a significant predictor in the fifth semester. Abbott asserts
that the whole-career view avoids this assumption by considering the career as a complete entity.
Sequence Analysis allows the researcher to visualize the course of a subject’s path through a
particular series of states, describe the central tendencies of the sequence data, and to perform data
reduction on the sequences by finding similarities among different subjects. The data reduction
step is accomplished via clustering and is potentially the most useful aspect of Sequence Analysis.
Given that the number of potential sequences can run into the millions or more depending on the
number of times a subject is observed in a data set and how many states a subject can be in at the
time of observation, the ability to group subjects into a reasonable number of clusters is crucial to
be able to grasp the overall trends in the data.
Sequence Analysis has been applied fruitfully to topics as varied as career patterns, lynching,
and the ordering of chapters in textbooks (Blair-Loy, 1999; Stovel, 2001; Levitt and Nass, 1989).
Andrew Abbott and Angela Tsay note that the algorithms utilized in Sequence Analysis date back
to work in the 1970s in the fields of Computer Science and Biology (Abbott and Tsay, 2000).
The optimal matching algorithm that I used in this analysis stems from work Abbott pioneered in
bringing these methods to the social sciences (Abbott, 2001).Sequence Analysis has been critiqued
for not entirely delivering on the promises of whole-career analysis promoted by Abbott and Tsay
(Levine, 2000; Wu, 2000). Specifically, it has been noted that it is possible that existing methods
such as Event History Analysis already incorporate the whole career of a subject. It has also been
pointed out that because of the mathematical necessity of weighting the transition from state A
to state B the same as the transition from state B to state A in its algorithms, Sequence Analysis
may not accurately model the impact or likelihood of different types of transition. To use the
unemployment/employment example from above, the likelihood of transitioning from employment
to unemployment or vice versa may not be equal at a given time point.
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That said, the ability of Sequence Analysis to incorporate the order of states into its analysis
along with the exploratory potential of its data reduction techniques points to its utility in an anal-
ysis such as the one presented in this chapter. Used as a part of a larger suite of analyses, Sequence
Analysis adds a great deal to the present research.
3.1 Why Use Sequence Analysis for Educational Data?
The way that the semester system discretizes time means that longitudinal educational data is
especially well suited to applications of Sequence Analysis. Sequence Analysis requires that time
be measured in ordered, discrete units as opposed to continuously. At each point of measurement,
each subject is in one and only one of the states described by the researcher.
The data used to create the sequences comprises 20 semesters of enrollment and graduation
variables. The other variables used in the models of outcome in the previous chapter are not




3. Stop Out Before a Graduation Outcome
4. Transfer Out to a Non-CUNY Institution
5. Earned a Certificate Degree
6. Earned an Associate Degree
7. Earned a Baccalaureate Degree
8. Not Enrolled, Post-Graduation
While there are ways of dealing with missing data in sequences, for the purposes of this analysis
it is not a problem. This is because not being enrolled in a given semester is an influential factor in
the outcomes I’m interested in exploring, not a source of missingness. Further, there are effectively
two types of non-enrollment in this study: expected and unexpected. After a student graduates,
we would not expect them to still be enrolled at CUNY. Many of our students come back for
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further education, but for the purposes of this study, those who have received at least one degree
are a success. However, students who are not enrolled but have not yet received a degree are
unexpectedly not enrolled.
Another important matter in coding the states in a students sequence was how to deal with
transfer students and graduation. As noted in the introduction, the National Student Clearinghouse
(NSC) does not have as comprehensive a reporting structure for graduation outcomes as it does
for enrollment. Because of this, if I were to use NSC graduation data, I would necessarily be
underestimating the number of students who started at CUNY and graduated elsewhere. For this
reason, I am coding transfer outcomes in a manner that treats all transfer students in the same way.
What I have done is to recode those semesters after a student transfers out of CUNY (and does not
come back) as a transfer outcome regardless of whether or not the NSC has data on a student for
all of the remaining semesters in the study. For example, if a student is enrolled at CUNY for three
semesters, appears in the NSC data in their fourth semester from entry and subsequently never
appears at CUNY again, I count them as a transfer. Every semester after their fourth semester is
coded as a transfer regardless of whether or not they appear in the NSC data as enrolled. This
is a necessary step because the lack of accurate graduation outcomes does not allow me to dif-
ferentiate expected non-enrollment (after graduation) from non-expected non-enrollment (before
graduation). This would cause some students who graduated from a non-NSC-reporting school to
be incorrectly clustered with students who dropped out of an NSC-reporting school. This has the
side effect of making transfer cumulative in the same way that non-enrollment post-graduation is,
affecting its interpretation. That is, the student who transfers out of CUNY in the fourth semester
will be counted among the transfers in all subsequent semesters. In the descriptive analysis in the
next section, there are figures that show the distribution of states in any given semester. Because
of the cumulative nature of some states, higher numbers of stop out, transfer, or non-enrollment
post-graduation may indicate an earlier transition to these outcomes instead of a large number
of students experiencing that outcome for the first time in a later semester. Higher numbers of
full-time or part-time enrollment can indicate a variety of things depending on what the patterns
eventual outcome is. If the student dropped out after a high number of full- or part-time enrollment
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semesters, then this student having a problem finishing, but not a problem maintaining matric-
ulation. If the student graduates after a high number of full- or part-time enrollment semesters,
this indicates delayed graduation. A student who transfer after a high number of full- or part-time
enrollment semesters could be transferring for a variety of reasons (difficulty finishing, wanting a
different college name on her degree, financial issues) that will not be apparent in the data under
study.
3.2 Describing the Sequences
The Sequence Analysis was completed using the TraMineR package in R (Gabadinho et al., 2011).
Sequence Analysis is particularly useful as an exploratory method to find heterogeneity within a
population. In exploring the sequences of data produced when a student’s academic career is quan-
tified in this way, I find a number of interesting groups that potentially exist within the population
at CUNY. It is important to note that this kind of exploratory analysis can only point to directions
for future research and validation. They cannot by themselves prove the existence of subpopula-
tions within CUNY undergrads. As such, the clusters described in this chapter will be used as the
starting point for multinomial logistic regressions in the graduation chapter.
In order to explore the patterns in the data, I first used TraMineR’s descriptive capabilities to ex-
plore the most common patterns within the degree bands. Figures 3.1 - 3.4 show the top 20 patterns
for each degree band. As the key indicates, green indicates full-time enrollment, lavender indicates
part-time enrollment, orange indicates stop out, yellow indicates transfer, blue indicates earning a
certificate, fuchsia indicates earning an associate degree, rust indicates earning a baccalaureate
degree, and charcoal grey indicates non-enrollment post graduation. The numbers along the left
y-axis are the percentage within degree band of students who follow this particular sequence. The
numbers along the right y-axis are the number of students that this percentage represents. The total
N for each degree band is also indicated on the right y-axis. The x-axis represents the 20 semesters
under study, with each block of color representing a semester. The left-most block represents the
first semester and the right-most block represents the twentieth semester.
































































CHAPTER 3. SEQUENCE ANALYSIS 72
Figure 3.1 shows that for initially baccalaureate students who stay at the baccalaureate level,
the most common pattern is 7 semesters of full-time enrollment, followed by a semester in which
they receive their baccalaureate degree. This pattern is followed by 10.4% of the BA1 population
(3,618 students). 9 of the top 20 patterns for this degree band involve graduation. Further, all
of those graduation patterns involve graduation within 6 years. Another 4 patterns in the top 20
involve transfer (the yellow blocks). Finally, there are 7 patterns in the top 20 that do not involve
graduation or a transfer outcome. These are students who have dropped out of the higher education
system during the window of analysis. The orange blocks represent semesters of non-enrollment
before receiving some sort of degree. The reader will also note that there are two patterns that
involve part-time enrollment (lavender). This type of enrollment is not very prevalent among the
top 20 patterns for BA1 students.
For BA2 students, the top 20 patterns tell a different story. Figure 3.2 shows that, of the
top 20 patterns, 11 involve transfer, 7 patterns involve dropping out, and only 2 patterns involve
graduation. For AA1 students only 3 of the top 20 patterns involve graduation and the rest involve
dropping out (figure 3.3). AA2 students have a much better set of outcomes in their top 20 patterns
(figure 3.4). 9 of their top 20 patterns involve graduation and the rest involve transfer. None of the
top 20 patterns for AA2 students involve dropping out.
As we will see with the cluster analysis, the top 20 patterns do not tell the whole story. The top
20 patterns for BA1, BA2, AA1, and AA2 only represent 44.52%, 12.75%, 42.56%, and 13.23% of
their respective degree bands. The percentages above indicate that students who stay at the degree
level they started at are a lot more homogeneous than those who change level. This is evident from
the fact that the top 20 patterns of those who stayed at the level they started at represent almost 45%
and 43% of the students at the baccalaureate and associate levels respectively. On the other hand,
of those who changed level, only around 13% of the students are represented by the top 20 patterns,
regardless of starting level. The absolute number of students represented by these top 20 patterns
is also worthy of note. For those who stayed at the same level that they started at, 15,516 and
23,520 students followed the top 20 baccalaureate and associate patterns respectively. For those
who changed levels, 521 and 4,167 students are represented by the top 20 initially-baccalaureate
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and initially-associate patterns respectively. The cluster analysis presented later in this chapter will
explore more of the variation in these subgroups.
Another way of describing the central tendencies of the pattern data is to look at the distribution
of states over time. While this distribution is not indicative of what any individual pattern looks
like, it can tell us about the general shift in states as time progresses. For example, in figure 3.5 we
can see that the proportion of BA1 students in a stop out state (orange) starts growing in the second
semester and peaks around semester 8. Around the same time, baccalaureate graduation states
(rust) start growing in number and non-enrollment post graduation increases to 57% by semester
20. Figure B.1 shows a less rosy picture. Stopping out (orange) grows much more quickly and to
be a much larger proportion of each semester in BA2 students as compared to BA1 students. It
tops out at around 48% in semester 10. These students do tend to transfer out of CUNY (yellow) as
a larger proportion of each semester than BA1 students, topping out at 41% in semester 20. Non-
enrollment post-graduation does occur in this population, starting after semester 7 and growing
slowly if steadily to a maximum of 20% in semester 20.
Figures B.2 - B.3 show that students who start out at the associate level show the opposite
comparative trend. Those students who stay at the associate level do systematically worse than
those who transfer upward to the baccalaureate level. This supports the findings of the existing
literature which finds that those associate students who manage to make it to the baccalaureate
level do as well or better than those students who began at the baccalaureate level and stayed there.
Among AA1 students, stopping out rises steeply starting in the second semester and slows down
by the seventh semester. Stopping out as a proportion of all states peaks at 75% starting in the 10th
semester and stays there until the 17th semester whereupon it declines slightly until the end of
the tracking window. In contrast, the AA2 students show an increasing prevalence of graduation,
transfer, and non-enrollment post-graduation states beginning in the 4th semester. By the end of
the tracking window, half of AA2 students are in the state of non-enrollment post-graduation and
a further 30% have transferred out of CUNY.
Using both the top 20 patterns as well as the frequency distribution of states over time allows
us to get a better indication of the central tendencies of the data in different ways. The top 20
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patterns show commonalities in whole patterns. The frequency distributions show us the ways that
the composition of the states changes over time. By comparing the two, we get a better picture of
the data. The top 20 patterns give us an idea of the most common outcomes for each degree band
by showing us whole sequences. The state distributions give us an idea of how the groups differ at
any given point in time during the window of analysis, allowing for cross-group comparison in a
given semester.
Another useful way of looking at the central tendencies of the data is to see how long, on
average, students spent in each state. As before, these statistics are calculated separately for each
degree band. Figures B.4-B.7 show the results. From these tables, we can see that (on average)
BA1 students spend slightly more than 6 semesters full-time and slightly less than 6 semesters not
enrolled post-graduation. BA2 students, on the other hand, spend less time in full-time enrollment,
more time stopped out, and much less time not enrolled post-graduation. They do spend more time,
on average, transferred than BA1 students. AA1 students spend a distressing long time stopped
out, which is likely to be the result of dropping out early. In comparison, AA2 students spend
a similar amount of time enrolled full-time to BA1 students. They spend less time not enrolled
post-graduation but this is probably due to their increased incidence of transfer which can delay
graduation.
Mean time in state does not tell us for a given set of students how long they spent in a given
state in a single spell. Instead, it tell us the proportion of the students entire sequence that they
spent in a given state. Thus a student who enrolled full-time for 10 semesters and then stops out
for 10 semesters will have the same mean time in state as a student who alternates between full-
time enrollment and stopping out every other semester. Nevertheless, knowing what, on average,
the percentage of a pattern was given to various states is still useful information.
The mean duration of stopping out for AA1 students was 12.88 semesters out of 20. That
means, on average, AA1 students spent 64.41% of the analytic window stopped out. In contrast,
BA1 students spent 23.97%, BA2 students spent 38.72%, and AA2 students only spent 17.77% of
the analytic window stopped out. Table 3.1 shows the average proportion of time spent in each
state for each degree band. From this table, we can see that BA1 students spent the most semesters
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enrolled full-time, AA2 students spent the most semesters enrolled part-time, and AA1 students
spent the most semesters stopped out. Interpreting the other states is a little less straight forward
given their nature. As transfer status is cumulative (as described above), a higher number here
means transferring earlier, not necessarily a higher number of transfer students. The degree states
are only last for one semester per degree, so we would not expect high percentages here. And like
the transfer state, a higher mean time not-enrolled post-graduation indicates more that there were
a higher number of earlier graduates rather than that there were a higher proportion of graduates in
one degree band over another.
State BA1 BA2 AA1 AA2
Full-time 30.97 23.80 15.06 29.01
Part-time 5.61 9.96 7.06 10.42
Stop Out 23.97 38.72 64.41 17.50
Transfer 8.70 17.36 4.85 17.77
Certificate 0.00 0.01 0.01 0.01
Associate 0.21 0.90 0.77 2.05
Baccalaureate 2.87 0.43 0.02 1.98
Not-Enrolled Post-Grad 27.66 8.83 7.81 21.26
Table 3.1: Mean Time Spent in State by Degree Band
3.3 Clustering the Sequences
The descriptive statistics above give a good idea of general trends in the data, but in order to drill
down to the level of particular sequences, I performed data reduction in order to explore possible
groupings within this population. TraMineR provides a variety of algorithms and distance mea-
sures to cluster the sequence data giving the researcher a fair amount of control over the resulting
cluster solutions.
It is important to note that, while there are generally accepted techniques for doing a cluster
analysis, a certain amount of subjectivity is involved with a cluster analysis because of the ne-
cessity of choosing one algorithm over another. Further, the choice of a final number of clusters
is ultimately based on theory and interpretability as much as it is upon any objective measure of
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cluster quality. The algorithm chosen for this analysis is widely used in the literature (Abbott and
Tsay, 2000).
Cluster analysis of sequence data requires that a matrix of distances be calculated to tell the
researcher how close (by whatever measure) any two sequences are. The distance measure cho-
sen for this analysis is the Optimal Matching distance as implemented by TraMineR.1 Distance
between two students’ attendance patterns is measured by calculating the least number of steps
it would take to transform one student’s attendance pattern into another’s. The calculation is per-
formed by iteratively comparing the character strings and changing one of them by either inserting,
deleting, or substituting a character so that that character in that string matches the character in the
comparison string. There is no consensus in the literature as to the single best way to weight the
operations described above, but it is generally acknowledged that theory should be a guiding force
in any weighting schema (Abbott and Tsay, 2000; Gauthier et al., 2009; Lesnard, 2010). Table B.1
in appendix B shows the substitution matrices for each degree band. For this analysis, I chose an
insertion/deletion (indel) cost of 1 and a substitution cost based upon the transition matrix from the
data. That is, in calculating the cost of making one sequence look like another, inserting or delet-
ing a character has a cost of 1. The cost of substituting one character for another depends on the
frequency of an individual transitioning from the first state to the target state at any given time in
the tracking window. Thus, states that more frequently follow one another have lower substitution
costs that states that rarely follow one another.
It should be noted that clusters are highly dependent on the weighting scheme used to deter-
mine the distance between two states in a given time period. That is, the analysis will come up
with a very different distance between two patterns of attendance if I were to set the cost of all
changes equal compared to an unequal weighting schema. Thus, if I give greater weight to substi-
tuting a stop out for a period of full-time enrollment and a lesser weight to substituting a part-time
enrollment for the same period of full-time enrollment, this will have a substantial effect on the
clusters of similar patterns that are identified. As these choices are rather subjective, I chose to base
1I conducted a separate cluster analysis to check for differences from the cluster solution described in this section.
I used the Hamming distance measure and a centroid clustering algorithm. The results were very similar. The same
clusters were arrived at but at different points in the agglomeration.
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the substitution cost on transition rates in order to have the difficulty of exchanging one state for
another at any given time point be tied into how often this transition occurs from one time point to
another. While this makes the weights less generalizable because the clusters are more dependent
on the transitions that occur in this particular data set, I argue that the benefit of not artificially
imposing a substitution cost based on intuition outweighs the chance that the transitions occurring
in this rather large data set are systematically different than those that might occur with a different
data set.
Additionally, the weighting schema and choice of distance measure are also impacted by the
underlying nature of different types of operations. Laurent Lesnard noted that the effect of pref-
erentially weighting insertions and deletions is to maximize the similarity of sequences in terms
of the longest common string (2010). So if two patterns share a long string of characters, they
will be considered similar regardless of where in the overall pattern the common string occurred.
Preferential weighting of substitution, on the other hand, has the effect of regarding patterns as
being more similar if they have more common characters that occur in the same positions in the
two patterns. That is, two patterns regarded as quite similar by insertions and deletions might be
considered as quite different by substitution-preferred weighting if the common string occurs at
the beginning of one string and at the end of another. For this analysis, I have chosen a weighting
schema that prefers indels because I argue that the longest common string is a better measure of
similarity than whether or not two strings are similar at any given time point. The patterns under
study are paths through higher education. Given that I prioritize similarities in overall path over
similarities at any given time point, a weighting schema that prefers indels is the best choice.
Once a distance matrix has been calculated, the program then clusters solutions based upon
these distances. I use Ward’s method to cluster patterns because of its wide usage (Murtagh and
Legendre, 2014) . Ward’s method is an agglomerative hierarchical clustering method. “In a hier-
archical classification, the data are not partitioned into a particular number of classes or clusters
at a single step. Instead the classification consists of a series of partitions...” (Everitt et al., 2001,
pg. 71). Agglomerative methods work by starting with each observation as a cluster that only has
one member and then groups observations together iteratively until there is only one cluster that
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contains all observations. “At each stage [agglomerative methods] fuse individuals or groups of
individuals which are closest (or most similar)” (Everitt et al., 2001, pg. 73). In Ward’s method,
“the fusion of two clusters is based on the size of an error sum-of-squares criterion. The objective
at each stage is to minimize the increase in the total within-cluster error sum of squares...” (Everitt
et al., 2001, pg. 77).
Table 3.2 shows a variety of common measures of cluster quality. Most of these measures
point to a two-, three-, or four-cluster solution as being ideal based on either cluster homogeneity
or on the ability of to reproduce the OM matrix. The Point Biserial Correlation (PBC), Hubert’s
Gamma (HG), Hubert’s Somer’s D (HGSD), and Hubert’s C (HC) all support a three-cluster so-
lution for every degree band except AA2. For AA2, these measures mostly support a four-cluster
solution. The first three statistics measure “the capacity of the clustering to reproduce the dis-
tances" from the OM matrix (Studer, 2013, pg 13). The fourth (HC) measures the “[g]ap between
the partition obtained and the best partition theoretically possible with this number of groups and
these distances" (Studer, 13). The Average Silhouette Width (ASW), Average Silhouette Width
(weighted) (ASWw), and Calinski-Harabasz index squared (CHsq) support a three-cluster solution.
The Calinski-Harabasz index (CH) supports a two-cluster solution for every degree band except
BA2 (where it supports a three-cluster solution). The ASW and ASWw measure the “[c]oherence
of assignments. High coherence indicates high between-group distances and strong within-group
homogeneity" (Studer, 2013, pg 13). The CH and CHsq are a "[p]suedo F computed from the
distances" (Studer, 2013, pg 13).
While not shown in this table, the second best cluster solution was also calculated for each
degree band. The second best solution tended to be one or two clusters more or less than the best
solution with the exception of HG, HGSD, and HC for AA1 (where the second best solution was
18 clusters) and BA2 (where the second best solution was 16 clusters).
However, while two-, three-, or four-cluster solutions provide homogeneous clusters, they are
insufficient to provide guidance for further analysis and potential policy interventions. That is,
they are not differentiated enough from each other to indicate what subgroups might exist in the
data. All these solutions tell me is that there are students who drop out, students who graduate, and
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Table 3.2: Quality Measures of Best Cluster Solution
BA1 BA2
Clusters Statistics Clusters Statistics
PBC 3.00 0.88 3.00 0.79
HG 3.00 0.98 3.00 0.91
HGSD 3.00 0.98 3.00 0.91
ASW 3.00 0.68 3.00 0.52
ASWw 3.00 0.68 3.00 0.52
CH 2.00 23492.50 3.00 1654.17
CHsq 3.00 66154.18 3.00 4511.72
HC 3.00 0.02 3.00 0.05
AA1 AA2
Clusters Statistics Clusters Statistics
PBC 3.00 0.90 3.00 0.81
HG 3.00 0.99 4.00 0.94
HGSD 3.00 0.99 4.00 0.94
ASW 3.00 0.72 3.00 0.51
ASWw 3.00 0.72 3.00 0.51
CH 2.00 26219.23 2.00 13959.77
CHsq 3.00 85479.95 3.00 35738.92
HC 3.00 0.01 4.00 0.03
students who transfer out of CUNY. This does not provide any more information than the outcome
variable from the previous chapter.
In order to get a better idea of what is going on, I look at larger numbers of clusters to see
what groups would emerge from the data. In these clusters, I found some interesting patterns of
degree completion, transfer, and dropping out. Looking at the various cluster solutions, I arrived at
the following set of cluster solutions as the best balance of interpretability and sample size. That
is, I looked at representative sequences from each possible cluster solution (up to 20 clusters) and
interpreted the story of the members of that cluster based on the representative sequences. Table 3.3
shows the number of clusters chosen for each degree band. Different numbers of cluster solutions
were chosen for each degree band because the different degree bands had differing amounts of
heterogeneity and with some of the degree bands (AA1 in particular), it took a higher number of
clusters for interesting sequences to separate out from the larger clusters present in cluster solutions
with fewer numbers of clusters.
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Table 3.3: Final Number of Clusters Chosen





Overall Trends in the Clusters
Figures B.8 - B.19 in appendix B show the ten representative sequences chosen by TraMineR
to represent each cluster, grouped by degree band and outcome. Figures B.8 - B.10 show the
representative sequences for all clusters in the 10-cluster solution chosen for the BA1 degree band,
grouped by graduation, transfer, and drop out/other respectively. Figures B.11 - B.13 present
representative sequences for the 8-cluster solution chosen for the BA2 degree band. Figures B.14
- B.16 represent the 12-cluster solution for AA1 students and figures B.17 - B.19 represent the
8-cluster solution for AA2 students. The relationship between the color scheme for these figures
and the states in a sequence is the same as for the top twenty patterns for each band (figures 3.1 -
3.4). Unlike the earlier figures, the height of the representative sequences is proportional to how
many students in the cluster followed a given sequence.
Each subfigure within the larger figure represents a cluster that I have named based on the
sequences presented. For example, in one cluster of BA1 students, the top ten sequences that
TraMineR chose to represent this cluster all involved earning a baccalaureate degree by the sixth
year from entry. As this was the characteristic that seemed to differentiate this cluster from the
others, I labeled this cluster “On-time Graduates.” Figure B.8(a) shows the top ten representative
sequences for this cluster.
Figure B.8 shows all of the clusters in the BA1 degree band that are characterized by graduation
outcomes. I have arranged them in order of how long it took the students to reach the graduation
outcome. We can see that the biggest difference between (a) and (b) is how long it took the
students to get there (4-6 years instead of 6-7 years). Otherwise they are both characterized by
mostly full-time attendance (green) with some part-time attendance (lavender) and some stop out
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(orange). The clusters represented by subfigures (c) and (d) both represent graduation outcomes
that occur somewhere in the 6-8 year range. But they are differentiated from each other by how
the students got to this outcome in that time frame. Students in subfigure (c) got there with a
break that lasted 3-6 semesters and graduated immediately upon returning to CUNY. Students
represented by subfigure (d) had a significant amount of part-time attendance on their way to
graduation. This represents a difference in manner in which students achieved their outcome,
not simply in the duration as we saw between (a) and (b). Subfigure (e) represents students who
stopped out relatively early (within 2.5 years) and took an long break (2 - 6.5 years) before coming
back to finish their degree.
Tables 3.4 and 3.5 show the frequencies for the cluster solutions in detail. They show the
general outcome that a cluster falls within (graduation, transfer, drop out, or other). These tables
also have the within-degree-band percentage of students who are categorized into that cluster, and
the percentage of coverage for the 10 representative sequences in the figures referenced above.
Alexis Gabadinho and Gilbert Ritschard define the coverage level of a set of sequences as “the
percentage of cases that are within the neighbourhood of at least one of the pattern in the set”
(Gabadinho and Ritschard, 2013).
From these tables, we can see that earlier onset of outcome tends to be more common in
general than later onset. For example, in table 3.5, receiving an associate in 2-4 years is the
most common graduation outcome for AA1 students (of those in the graduation clusters). 10.47%
of AA1 students fall within this cluster. Only a total of 4.27% of AA1 students fall within the
other three graduation clusters. That said, these students are still important to note since they are
largely ignored by metrics that only count students who graduate in what is considered a traditional
time frame. Further, 27,541 AA1 students (49.94%) are in the “Drop out within 2 years” cluster.
Exceptions to this trend include the cluster of BA2 students who earn a baccalaureate degree then
seek an associate. As would be expected, they tend to take longer than those who started at the
baccalaureate and then transferred down to the associate level without a degree. Also there are
more AA2 students in the second graduation cluster than in the first, but the difference in timing
between the first two graduation clusters is not very dramatic.
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Table 3.4: Cluster Description and Frequencies, Baccalaureate at Entry
BA1




On-time Grads 16,269 46.73 81.6
6-7 year Grads 2,176 6.25 52.4
7-8 year Grads with Gap 881 2.53 21.0
6-8 year Grads with lots of part-time 804 2.31 10.0
7-10 year Grads with a long break 513 1.47 12.2
Transfers
Early Transfers 3,710 10.66 75.7
Late Transfers 567 1.63 41.4
Drop Outs
Early Drop Outs 7,490 21.51 77.2
Late Drop Outs 1,920 5.52 49.9
Other Characterized by a lot of part-time 483 1.39 14.5
BA2




Associate degree in 3-5 years 398 9.76 39.4
Associate degree in 6-9 years 158 3.87 13.9




Early Transfers 727 17.82 69.7
Late Transfers 304 7.45 52.3
Drop Outs
Early Drop Outs 1,049 25.72 41.3
Late Drop Outs 563 13.80 26.6
Porpoising Enrollment 563 13.80 8.0
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Table 3.5: Cluster Description and Frequencies, Associate at Entry
AA1




2-4 Year Associate 5,776 10.47 64.9
5-7 Year Associate because of a break 1,001 1.82 13.8
5-7 Year Associate because of part-time 794 1.44 22.1
7-10 Year Associate because of long break 565 1.02 12.9
Transfers
Early Transfers 2,168 3.93 71.6
Middle Transfers 1,221 2.21 60.3
Late Transfers 1,042 1.89 59.1
Drop Outs
Drop out within 2 years 27,541 49.94 100.0
Drop out in 2-4 years 9,090 16.48 71.0
Drop out in 3-5 years with part-time 3,327 6.03 49.3
Drop out in 4-5 years mostly full-time 1,813 3.29 56.4
Mostly part-time attendance, Drop out in 6-7
years with 1 Grad
810 1.47 14.7
AA2




2-4.5 year Associate, 4-5.5 year Baccalaureate 5,585 17.74 60.2
2.5-4 year Associate, 5-6.5 year Baccalaureate 8,476 26.93 28.0
3-5 year Associate, 5.5-8 year Baccalaureate,
mostly part-time
2,123 6.75 5.5
3-5 year Associate, 8-9.5 year Baccalaureate 1,062 3.37 4.0
Transfers
Early Transfers 6,821 21.67 64.7
Late Transfers 2,446 7.77 49.6
Drop Outs Drop out by year 5, staggered 3,578 11.37 36.4
Other Mostly characterized by a large break 1,384 4.40 4.3
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As noted above, there were three general trends in the cluster solutions across all four degree
bands: Graduation, Transfer, and Dropping Out. While there was significant variation within these
larger groups and some differences across degree bands, most of the clusters fell into one of these
three groups.
Within each group there was a definite break between clusters based on how much time it took
the students in that cluster to reach the outcome. For example, in the BA2 cluster solution, there
were two clusters whose representative sequences show transfer outside of CUNY. The difference
between these two groups appears to be that one group transferred out rather quickly while the
other group took a long break before transferring. The time to transfer ranged from 1-3 semesters
in the first group. In the second group the break between enrollment at CUNY and transfer was
anywhere from 5-15 semesters long.
In some cluster solutions, there was further heterogeneity among those clusters who took longer
to reach their eventual outcome. In the AA1 cluster solution there were 4 graduation clusters.
Figure B.14 shows these clusters ordered by time to outcome. Similar to the BA1 graduation
clusters, there is an on-time cluster (a), two delayed-graduation clusters, and an extremely delayed
graduation cluster. Again, among the delayed graduation clusters the difference is between students
who mostly attend part-time and those who take a break. Also similar to BA1 graduates, the
extremely delayed graduation cluster is due to a lengthly break in enrollment.
3.4 Implications of the Clusters for the Graduation Chapter
That the Sequence Analysis found general differences in outcome along the lines of graduation,
transfer, and drop out supplements the analysis done in the previous chapter looking at outcomes.
The inclusion of transfer and graduation as states in the Sequence Analysis undoubtedly con-
tributed to the general trends in the cluster solutions. However, by including enrollment intensity
as measured by full- or part-time status as well as whether or not a student did not enroll prior to
a graduation outcome, the Sequence Analysis was able to uncover potential heterogeneity within
degree bands in terms of differences within outcome.
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By differences within outcome I mean that within an outcome group there were differences in
how students arrived at the outcome. In the cluster analysis just described, I find differences that
involve time to outcome and differences that involve how a student gets to the outcome. Differences
of duration could be measured in a multitude of ways, including a simple regression (logistic or
probit) with a dichotomous dependent variable or an survival analysis that models time to outcome.
As the focus of this research is graduation, I will conduct both types of analysis in the next chapter
and compare the two for differences in what predicts timing of graduation.
Differences in how a student gets to the outcome calls for a multinomial logistic analysis. For
example, among those BA1 students who graduate, I would run a further multinomial logistic
regression on those students who take more than 4-6 years to graduate. The categories of the
dependent variable will be a typology based on the Sequence Analysis conducted in this chapter.
Differences in the path to outcome vary and some outcome groups within a degree band do
not exhibit differences of this kind. For example, AA1 students who clustered into the transfer
outcome group only exhibit appreciable differences of duration, not of path to transfer. This is not
to say that all students in the transfer group exhibited the exact same path to transfer, differing only
in duration (i.e. only enrolling full-time or part-time until transfer). There are some differences
among the paths between clusters (a semester of part-time here or there), but to not nearly the
same extent as those differences among those who took longer to graduate. This difference can be
accounted for by using full- or part-time status as a time-varying covariate in a Survival Analysis.
To this end, I will include enrollment intensity as a time-varying covariate in the models of time to
degree in the next chapter.
The question of which type of model to use to explore these differences is an important one.
Using a Survival Model, I can predict the time to degree controlling for time-varying and time-
constant covariates. This helps to get at what predicts taking longer to earn a degree. Using
multinomial logit models, I can predict who will take a certain path to that outcome by defining it
in terms of categories we saw in the cluster analysis. I do not claim that this is a complete typology
of every possible path to degree. But the cluster analysis conducted in this chapter points to some
interesting and potentially policy-relevant patterns in the paths CUNY students are taking to their
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degree that I will explore in the conclusion.
Chapter 4
Graduation
This chapter will present the results of a series of analyses that use increasingly complex ways of
modeling graduation. It will begin with descriptives of the amount, type and timing of graduation
outcomes in the data. It will follow with a set of binomial logistic regressions that predict delayed
graduation compared to on-time graduation. Multinomial logistic predicting a typology based
on the sequence analyses of chapter three will follow. Then the chapter will finish with survival
analyses where time to graduation is predicted. As noted in table 2.1, graduates make up 38.17%
(47,917) of the sample under analysis. Table 4.1 shows the number and percentages of different
combinations of degrees earned by degree band. The number of certificate degrees is small enough
to justify my focus on associate and baccalaureate degree for this study. Note that while the degree
bands included in this analysis involve seeking either a baccalaureate or an associate degree at entry
and exit to CUNY, this does not preclude earning a certificate between the two measurement times.
The degree bands that were excluded from analysis involved seeking a certificate at entry or at exit.
As one might expect, the degree bands that do not involve a change in level are highly concentrated
in the degree sought. 92.95% of BA1 students who earned a degree earned a baccalaureate only.
95.70% of AA1 students who earned a degree earned an associate only. There is a more even mix
among those degree bands that involve changing degree level. 64.84% of BA2 students earn an
associate degree only, 28.01% earn a baccalaureate only, and 6.27% earn both. 30.24% of AA2
students earn an associate only, 28.34% earn a baccalaureate degree only, and 41.19% earn both.
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Table 4.1: Total Degrees Earned by Degree Band
BA1 BA2 AA1 AA2 Total
Certificate N 4 6 53 15 78
Only Percent 0.02 0.59 0.62 0.08 0.16
Associate N 601 662 8,203 5,396 14,862
Only Percent 2.93 64.84 95.70 30.24 31.02
Baccalaureate N 19,037 286 116 5,057 24,496
Only Percent 92.95 28.01 1.35 28.34 51.12
Certificate and N 1 1 44 23 69
Associate Percent 0.00 0.10 0.51 0.13 0.14
Certificate and N 8 2 0 2 12
Baccalaureate Percent 0.04 0.20 0.00 0.01 0.03
Associate and N 830 64 156 7,350 8,400
Baccalaureate Percent 4.05 6.27 1.82 41.19 17.53
Total N 20,481 1,021 8,572 17,843 47,917
Percent 100 100 100 100 100
This tells a hopeful story for AA2 students and a less hopeful one for BA2 students. A combined
69.54% of AA2 students earn a baccalaureate degree. 64.84% of BA2 students only earned an
associate degree.
I should note that there are a small number of AA1 students who earn a baccalaureate only (116)
or an associate and a baccalaureate (156). While there theoretically should not be any students who
started and ended at the associate level who earn an associate degree, it is important to remember
that degree band only measures degree pursued at two points in time. It is possible (and evidently
happens) that a student could start at the associate level, transfer up to the baccalaureate level, earn
a baccalaureate degree, and then transfer back down to the associate level within a ten year period.
This represents not a problem in the coding of degree band but instead the diversity of experiences
of CUNY undergraduates. That being said, the numbers are small enough that I am confident in
ignoring their presence in the AA1 degree band. All measures of graduation in this chapter are
based on any degree earned, so those 272 students are not missing from the data when graduation
is modeled.
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4.1 On-Time versus Delayed Graduation
In this section, I explore graduation measured dichotomously: on-time versus delayed. For the
purposes of this analysis, on-time graduation is defined as earning a certificate or associate degree
within eight semesters or a baccalaureate degree within 12 semesters.
Tables 4.2 and 4.3 present the frequencies for the semester in which a student’s first associate
and first baccalaureate degree are earned, respectively. Note that these tables only present the first
instance of a given degree and are not conditioned on whether or not a student earned another
degree prior to or after earning the first degree of a given type. That is, for a given value in table
4.2, it is possible that that is a student’s only degree, that they earned a certificate or baccalaureate
degree before earning their first associate degree, or that they earned a certificate, baccalaureate,
or a second associate after earning their first associate degree.
Table 4.2: Semester of Graduation for First Associate Degree Earned
N % Cum. %
2 5 0.02 0.02
3 35 0.15 0.17
4 846 3.63 3.80
5 2,703 11.59 15.38
6 3,406 14.6 29.98
7 3,690 15.82 45.80
8 2,623 11.24 57.04
9 2,296 9.84 66.88
10 1,564 6.70 73.58
11 1,302 5.58 79.17
12 930 3.99 83.15
13 804 3.45 86.60
14 553 2.37 88.97
15 589 2.52 91.49
16 402 1.72 93.22
17 499 2.14 95.35
18 357 1.53 96.88
19 408 1.75 98.63
20 319 1.37 100.00
Total 23,331 100
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Table 4.3: Semester of Graduation for First Baccalaureate Degree Earned
N % Cum. %
3 2 0.01 0.01
4 10 0.03 0.04
5 33 0.1 0.14
6 230 0.7 0.84
7 799 2.43 3.26
8 5,096 15.49 18.75
9 5,639 17.14 35.88
10 5,206 15.82 51.7
11 3,952 12.01 63.71
12 2,714 8.25 71.96
13 2,237 6.8 78.76
14 1,514 4.6 83.36
15 1,422 4.32 87.68
16 1,032 3.14 90.82
17 980 2.98 93.79
18 756 2.3 96.09
19 724 2.2 98.29
20 562 1.71 100
Total 32,908 100
Table 4.2 informed the choice of an eight-semester cut off for associate and certificate degrees
because only 3.80% of the first associate degrees earned happened within the traditional definition
of on-time (four semesters). Even expanding the time frame to 150% of traditional (six semesters)
only covered 29.98% of first time associate degrees. I chose eight semesters since this marks the
end of an academic year and it covers 57.04% of first time associate degrees. I include certificates
within the eight-semester cut off since they are supposed to take even less time than associate
degrees. While earning a certificate only is not the main focus of this analysis, I include it in the
graduation outcome to cast the widest net for student success. I don’t want to code students who
only receive a certificate (few as they are) as drop outs when they did earn a credential. Table 4.3
similarly informed my choice of a 12-semester cut off since 71.96% of first baccalaureate degrees
were earned in that time frame.
The breakdown of on-time versus delayed graduates by degree band is provided in table 4.4.
BA1 students have the highest percentage of on-time graduates (81.29%) while BA2 has the lowest
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(41.82%). Interestingly, AA2 students have a higher percentage of on-time graduates (65.82%)
than AA1 students (53.64%) despite the latter pursuing a degree that takes less time. This provides
further evidence that measuring degree pursued at entry alone is insufficient compared with both
at entry and exit. This disparity adds to the case that not all students who start at the associate
level are the same and that those who make it to the baccalaureate level are better prepared for
completing a degree.
Table 4.4: On-Time versus Delayed Graduation by Degree Band
BA1 BA2 AA1 AA2 Total
On-time N 16,648 427 4,598 11,745 33,418
Graduate Percent 81.29 41.82 53.64 65.82 69.74
Delayed N 3,833 594 3,974 6,098 14,499
Graduate Percent 18.71 58.18 46.36 34.18 30.26
Total N 20,481 1,021 8,572 17,843 47,917
Percent 100 100 100 100 100
Table 4.5 shows the frequencies for on-time versus delayed graduation by ethnicity. It shows
that Black and Hispanic students tend to be more highly represented among the delayed graduates
than the on-time graduates. This lends support to the assertion that by narrowly measuring grad-
uation in terms of “on-time” degrees, we undercount the degrees earned by Black and Hispanic
students. This is especially true for Black students and Hispanic students in the AA1 degree band.
In every degree band, the percentages of White and Asian students goes down between on-time
and delayed graduation and the percentages of Black and Hispanic students goes up.
Table 4.5: On-Time versus Delayed Graduation by Degree Band and Ethnicity
BA1 BA2 AA1 AA2
On-Time Delayed On-Time Delayed On-Time Delayed On-Time Delayed
White 39.43 26.12 36.77 26.43 25.08 18.24 28.67 20.43
Black 18.58 26.98 26.46 26.60 32.97 36.19 29.04 35.67
Hispanic 19.28 27.60 18.50 29.63 26.45 33.19 25.59 30.81
Asian 22.71 19.31 18.27 17.34 15.51 12.38 16.70 13.09
The following equations present the models for delayed graduation by degree band.





+ 1.021AsianSATD|O + 0.994BlackHsGPAD|O + 1.000HispanicHsGPAD|O
+ 0.979AsianHsGPAD|O + 1.013BlackCollegePrepUnitsD|O
+ 1.005HispanicCollegePrepUnitsD|O + 0.980AsianCollegePrepUnitsD|O
+ 0.948BlackCuny1stSemGPAD|O + 1.046HispanicCuny1stSemGPAD|O
+ 0.876AsianCuny1stSemGPAD|O + 1.046BlackCuny1stSemCreditD|O
+ 1.036HispanicCuny1stSemCreditD|O + 1.048AsianCuny1stSemCreditD|O
+ 1.132BlackFemaleD|O + 0.915HispanicFemaleD|O + 1.180AsianFemaleD|O
+0.972Cuny1stSemCredits∗Cuny1stSemGPAD|O+0.994Cuny1stSemGPA∗HsGPAD|O
+ 0.971CollegePrepUnitsD|O + 0.984HsGPAD|O + 1.065SATD|O
+ 1.251Cuny1stSemGPAD|O + 0.650GPAMissingF lagD|O + 0.846DependentD|O
+ 0.830NoDelayInEntryD|O + 0.928Cuny1stSemCreditsD|O
+0.990EntryAge+1.233BlackD|O +0.689HispanicD|O +6.022AsianD|O +0.762FemaleD|O
+ 1.202SpringEntrantD|O + 0.989PellRecipientD|O + 1.110RemedialNeedD|O (4.1)





+ 0.997AsianSATD|O + 0.981BlackHsGPAD|O + 0.956HispanicHsGPAD|O
+ 0.958AsianHsGPAD|O + 1.004BlackCollegePrepUnitsD|O
+ 1.064HispanicCollegePrepUnitsD|O + 1.101AsianCollegePrepUnitsD|O
+ 0.875BlackCuny1stSemGPAD|O + 0.653HispanicCuny1stSemGPAD|O
+ 0.877AsianCuny1stSemGPAD|O + 1.049BlackCuny1stSemCreditD|O
+ 1.067HispanicCuny1stSemCreditD|O + 0.975AsianCuny1stSemCreditD|O
+ 1.295BlackFemaleD|O + 1.389HispanicFemaleD|O + 1.297AsianFemaleD|O
+0.931Cuny1stSemCredits∗Cuny1stSemGPAD|O+0.984Cuny1stSemGPA∗HsGPAD|O
+ 0.919CollegePrepUnitsD|O + 1.058HsGPAD|O + 1.133SATD|O
+ 3.578Cuny1stSemGPAD|O + 0.927GPAMissingF lagD|O + 0.683DependentD|O
+ 0.546NoDelayInEntryD|O + 1.113Cuny1stSemCreditsD|O
+0.982EntryAge+4.006BlackD|O +80.14HispanicD|O +8.882AsianD|O +0.677FemaleD|O
+ 1.850SpringEntrantD|O + 1.133PellRecipientD|O + 1.081RemedialNeedD|O (4.2)
Figure 4.2: Equation for Delayed Graduation Model, BA2




= 9.482D|O + 0.969BlackHsGPAD|O
+ 0.992HispanicHsGPAD|O + 0.983AsianHsGPAD|O + 1.015BlackCollegePrepUnitsD|O
+ 1.014HispanicCollegePrepUnitsD|O + 1.001AsianCollegePrepUnitsD|O
+ 0.856BlackCuny1stSemGPAD|O + 1.017HispanicCuny1stSemGPAD|O
+ 0.838AsianCuny1stSemGPAD|O + 0.974BlackCuny1stSemCreditD|O
+ 0.960HispanicCuny1stSemCreditD|O + 1.044AsianCuny1stSemCreditD|O
+ 0.980BlackFemaleD|O + 0.790HispanicFemaleD|O + 0.901AsianFemaleD|O
+0.971Cuny1stSemCredits∗Cuny1stSemGPAD|O+1.007Cuny1stSemGPA∗HsGPAD|O
+ 0.978CollegePrepUnitsD|O + 0.978HsGPAD|O
+ 0.505Cuny1stSemGPAD|O + 0.558GPAMissingF lagD|O + 0.843DependentD|O
+ 1.272NoDelayInEntryD|O + 0.988Cuny1stSemCreditsD|O
+1.007EntryAge+19.953BlackD|O+3.228HispanicD|O+4.948AsianD|O+1.059FemaleD|O
+ 0.796SpringEntrantD|O + 1.050PellRecipientD|O + 1.507RemedialNeedD|O (4.3)




= 11.065D|O + 1.000BlackHsGPAD|O
+ 1.008HispanicHsGPAD|O + 1.010AsianHsGPAD|O + 1.016BlackCollegePrepUnitsD|O
+ 1.010HispanicCollegePrepUnitsD|O + 0.994AsianCollegePrepUnitsD|O
+ 0.933BlackCuny1stSemGPAD|O + 0.928HispanicCuny1stSemGPAD|O
+ 0.910AsianCuny1stSemGPAD|O + 0.994BlackCuny1stSemCreditD|O
+ 1.000HispanicCuny1stSemCreditD|O + 1.026AsianCuny1stSemCreditD|O
+ 1.123BlackFemaleD|O + 0.815HispanicFemaleD|O + 0.847AsianFemaleD|O
+0.976Cuny1stSemCredits∗Cuny1stSemGPAD|O+1.002Cuny1stSemGPA∗HsGPAD|O
+ 0.978CollegePrepUnitsD|O + 0.976HsGPAD|O
+ 0.724Cuny1stSemGPAD|O + 0.616GPAMissingF lagD|O + 0.990DependentD|O
+ 0.924NoDelayInEntryD|O + 0.971Cuny1stSemCreditsD|O
+1.000EntryAge+1.231BlackD|O +1.010HispanicD|O +0.639AsianD|O +0.926FemaleD|O
+ 0.965SpringEntrantD|O + 0.951PellRecipientD|O + 1.321RemedialNeedD|O (4.4)
Figure 4.4: Equation for Delayed Graduation Model, AA2
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Table 4.6 presents the odds ratios from binomial logistic models of delayed graduation. College
and term of entry fixed effects were included in these models, but as neither is the focus of this
analysis they are omitted from presentation. There are over thirty significant coefficients among
the interactions and main effects of these four models. I have chosen six interactions to focus on
that represent the general trends among the different degree band models.
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Table 4.6: Odds Ratios from Binomial Logits of Delayed Graduation
BA1 BA2 AA1 AA2
Black * SAT Total 1.007 0.979
[0.004] [-0.011]
Hispanic * SAT Total 1.082* 0.767
[0.044]* [-0.151]
Asian * SAT Total 1.021 0.999
[0.007] [0.004]
Black * HS GPA 0.994 0.973 0.969** 1.000
[-0.005] [-0.015] [-0.020]** [-0.000]
Hispanic * HS GPA 1.000 0.965 0.992 1.008
[-0.001] [-0.021] [-0.006] [0.004]
Asian * HS GPA 0.979* 0.960 0.983 1.010
[-0.012]* [-0.024] [-0.011] [0.005]
Black * College Prep Units 1.013 0.972 1.015 1.016
[0.006] [-0.017] [0.009] [0.010]
Hispanic * College Prep Units 1.005 1.043 1.014 1.010
[0.001] [0.023] [0.009] [0.006]
Asian * College Prep Units 0.980 1.067 1.001 0.994
[-0.011] [0.040] [0.001] [-0.003]
Black * 1st Sem GPA 0.948 0.983 0.856* 0.933
[-0.039] [-0.030] [-0.094]* [-0.044]
Hispanic * 1st Sem GPA 1.046 0.659 1.017 0.928
[0.019] [-0.241] [0.012] [-0.047]
Asian * 1st Sem GPA 0.876 0.866 0.838* 0.910
[-0.074] [-0.091] [-0.111]* [-0.055]
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Black * 1st Sem Credits 1.046** 1.051 0.974 0.994
[0.022]** [0.033] [-0.018] [-0.006]
Hispanic * 1st Sem Credits 1.036* 1.078 0.960** 1.000
[0.016]* [0.046] [-0.026]** [-0.002]
Asian* 1st Sem Credits 1.048** 0.995 1.044* 1.026
[0.027]** [-0.004] [0.025]* [0.014]
Black Female 1.132 1.359 0.980 1.123
[0.045] [0.178] [-0.008] [0.064]
Hispanic Female 0.915 1.215 0.790 0.815*
[-0.072] [0.112] [-0.139] [-0.129]*
Asian Female 1.180 1.417 0.901 0.847
[0.083] [0.210] [-0.063] [-0.099]
1st Sem Credits * 1st Sem GPA 0.972*** 0.938*** 0.971*** 0.976***
[-0.012]*** [-0.038]*** [-0.017]*** [-0.013]***
1st Sem GPA * HS GPA 0.994 0.981 1.007 1.002
[-0.002] [-0.012] [0.004] [0.001]
College Prep Units 0.971** 0.932 0.978* 0.978***
[-0.015]** [-0.044] [-0.014]* [-0.014]***
HS GPA 0.984 1.062 0.978 0.976**
[-0.012] [0.036] [-0.012] [-0.015]**
SAT Total 1.065* 1.135
[0.037]* [0.074]
1st Sem GPA 1.251 4.418 0.505* 0.724*
[-0.001] [0.911] [-0.418]* [-0.226]*
1st Sem GPA Missing Flag 0.650* 0.821 0.558*** 0.616***
[-0.284]* [-0.132] [-0.353]*** [-0.309]***
Dependent 0.846 0.570 0.843* 0.990
[-0.099] [-0.313] [-0.097]* [-0.006]
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No Delay in Entry 0.830* 0.593 1.272*** 0.924
[-0.105]* [-0.332] [0.149]*** [-0.045]
1st Sem Credits 0.928*** 1.094 0.988 0.971*
[-0.050]*** [0.053] [-0.008] [-0.021]*
Age at Entry 0.990 1.000 1.007 1.000
[-0.005] [-0.003] [0.004] [0.000]
Black 1.233 9.814 19.953*** 1.231
[0.337] [1.292] [1.863]*** [0.178]
Hispanic 0.689 60.670 3.228 1.010
[-0.024] [2.424] [0.762] [0.030]
Asian 6.022* 11.409 4.948 0.639
[1.018]* [1.421] [1.033] [-0.239]
Female 0.762*** 0.700 1.059 0.926
[-0.141]*** [-0.206] [0.032] [-0.042]
Spring Entrant 1.202 1.878 0.796* 0.965
[0.103] [0.368] [-0.139]* [-0.021]
Pell Recipient 0.989 1.072 1.050 0.951
[-0.007] [0.053] [0.031] [-0.029]
Remedial Need 1.110 1.126 1.507*** 1.321***
[0.062] [0.087] [0.246]*** [0.165]***
Constant 21.826** 0.167 9.482* 11.065***
[1.937]** [-0.971] [1.300]* [1.496]***
Observations 20,480 984 8,571 17,841
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
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Figure 4.5: Predicted Margins of Delayed Graduation by Ethnicity and SAT Total, BA1
Figures 4.5 - 4.10 present the predictive margins of the six interactions I focus on for this set
of models. Figure 4.5 shows the predicted probability of delayed graduation compared to on-
time graduation for the ethnic groups under study at different levels of the transformed SAT Total
variable for BA1 students. As a reminder, for this dissertation, total SAT score was divided by 100
in order to scale it nearer to the other variables in the models. It was then centered so that the scale
goes from zero to twelve, with zero representing a total SAT score of 400. Of the interactions of
ethnicity and SAT score included in the BA1 model, only the interaction of the flag for Hispanic
students was significant. Thus, I will only interpret the lines for Hispanic students and the line
for White students (the comparison group in the model). As the plot shows, the line for Hispanic
students is much steeper than that for White students. This indicates, contrary to expectations,
higher SAT scores are associated with an increased probability of delayed graduation compared
to on-time graduation. That said, the slope is positive for White students as well indicating that
this is not isolated to Hispanic students. Concerned that this might reflect a mistake in coding
of SAT or delayed graduation, I checked the original coding and found it to be sound. This is
an interesting finding that would be well worth exploring qualitatively. Unfortunately qualitative
analysis is beyond the scope of this dissertation.
CHAPTER 4. GRADUATION 100
Figure 4.6: Predicted Margins of Delayed Graduation by Ethnicity and 1st Sem Credits, BA1
Figure 4.6 presents the predictive margins of the interaction of ethnicity and first semester cred-
its at CUNY for BA1 students. All three interactions included in the model were significant. As
expected, the probability of delayed graduation decreases as the number of credits earned in the
first semester increases. At zero credits earned in the first semester, Hispanic students have the
highest probability of delayed graduation, Black and White students have nearly the same prob-
ability, and Asian student have the lowest probability. As the number of credits increases, Black
and Hispanic student converge toward the same point. White students outpace Asian students in
how quickly their probability of delayed graduation drops as the number of first semester credits
grow. This indicates that the positive impact of early performance is not equal across ethnic lines,
even when a variety of other controls are included in the calculation.
Figure 4.7 shows the predictive margins of the interaction of ethnicity and high school GPA
for AA1 students. Only the interaction of the flag for Black students and high school GPA was
significant in this model. Unexpectedly, higher high school GPA has relatively little effect on
the probability of delayed graduation for White students. For Black students, on the other hand,
moving from a high school GPA of 60 to a GPA of 95 means a drop in predicted probability of
delayed graduation from over 0.55 to around 0.30. This indicates that, if we want to place Black
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Figure 4.7: Predicted Margins of Delayed Graduation by Ethnicity and HS GPA, AA1
students correctly in terms of admissions, we should be weighing high school GPA extremely
highly for its ability to predict on-time graduation.
The interaction of first semester GPA and ethnicity was significant for Black and Asian students
in the AA1 model. Figure 4.8 presents the predicted probabilities of this interaction. In it we can
see that a first semester GPA of 0.0 is associated with an extremely high predicted probability of
delayed graduation for all ethnicities (the highest of all plots presented here). Black and Asian
students start off at very similar probabilities of delayed graduation and follow a similarly steep
slope as first semester GPA approaches 4.0. Asian student’s probability of delayed graduation
drops faster than that of Black students, to the point where it drops even lower than the probability
of delayed graduation for White students at 4.0. This is interesting given that White students started
off with a probability of delayed graduation that was about 0.10 lower than that of Black and Asian
students at a GPA of 0.0.
Figure 4.9 shows the plot for the predicted probability of delayed graduation for the interaction
of ethnicity and first semester credits for AA1 students. The interactions were significant for the
Hispanic and Asian students in this model. As with first semester GPA, the lowest number of
first semester credits was associated with a very high probability of delayed graduation. This
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Figure 4.8: Predicted Margins of Delayed Graduation by Ethnicity and 1st Sem GPA, AA1
starting point was not the same for each ethnicity, however. Hispanic students had the highest
probability of delayed graduation of those who did not earn any credits in their first semester
at CUNY. They were followed by White students and then Asian students, who had the lowest
predicted probability of delayed graduation for those earning zero credits in the first semester. The
slope of the line for Asian students was the least steep of all three. This means that White students
have a lower predicted probability of delayed graduation than Asian students at the level of earning
six credits in the first semesters. Hispanics have a lower probability of delayed graduation starting
at twelve credits earned in the first semester. Hispanic students actually end up with a slightly
lower predicted probability of delayed graduation
The final predictive margin plot for the logistic models of delayed graduation is figure 4.10,
which presents the interaction of first semester credits and first semester GPA for AA2 students.
The results are similar to the plot in chapter 2 which presented the same interaction in a model
predicting graduation for BA2 students (figure 2.8a). Here the benefits of an increased number of
credits earned in the first semester for decreasing the probability of delayed graduation vary by
first semester GPA as they did in the outcome chapter. However, the probabilities for the levels of
GPA at three credits are not as tightly packed as they are in the outcome model.
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Figure 4.9: Predicted Margins of Delayed Graduation by Ethnicity and 1st Sem Credits, AA1
Figure 4.10: Predicted Margins of Delayed Graduation by 1st Sem Credits and 1st Sem GPA, AA2
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In the next section, I will explore the results of the Sequence Analysis from the previous chapter
and how they can be applied to regression analysis.
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4.2 Testing a Typology of Delayed Graduation
In this section I will be exploring models of a typology of delayed graduation I create based on
the results of the Sequence Analysis in the previous chapter. Table 4.7 shows the frequencies for
these categories. Each degree band has its own unique typology since I ran the Sequence Analysis
separately by degree band. The numbers in each category vary from those in tables 3.4 - 3.5
presented in chapter 3 because the results of the cluster analysis are necessarily somewhat “fuzzy.”
By that, I mean that the algorithm used in that analysis chose sequences as belonging in a cluster
based on overall similarity, not on exact matches of outcome.
For example, take two students who were enrolled full-time for three semesters in an associate
program then stopped out. If one of them comes back at the end of the tracking window (semester
20) and graduates, those two students will look more alike than the student who graduated will to a
student who graduates in 2 years. That is, it is the sequence taken as a whole, not the outcome that
determines proximity in the algorithm in the Sequence Analysis that I ran. I attempted to moderate
this by using an frequency-based substitution cost and by coding non-enrollment differently after
earning a degree. But there is necessary change when converting the typology suggested by a
cluster analysis into a hard-coded typology based on a set of decision rules. All of this is to say
that the categories presented in this section are mutually exclusive and exhaustive (in that they
generally include an “other” category) but students who do not fit the typology but were included
in a cluster with the students who do are excluded.
For the purposes of this analysis, the categories of the graduation typology that are character-
ized by a gap are defined as those students who graduate within the time frame of a category (e.g.
within five to seven years) and who have more than a semester of stop out and less than a year of
part-time. A single semester cut off for stopping out was chosen as it indicates a larger disrup-
tion in a student’s trajectory than taking a term off. Those students who have more than a year
of part-time enrollment are categorized by their enrollment intensity for those typologies where
it is appropriate (BA1, AA1, and one category of AA2). The semesters of stop out or part-time
enrollment do not need to be consecutive in order to qualify for placement within a category.
Another difference between the typology suggested in the Sequence Analysis chapter is that
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the cluster solution for AA2 only indicated graduation clusters typified by earning two degrees
(associate and baccalaureate). But there were many AA2 students who earned only one degree
or the other. To this end, I expanded upon the typology suggested by the Sequence Analysis to
include students who earned an associate only before or after year five and students who earned
a baccalaureate before or after year six. This is a longer definition of delayed associate gradua-
tion used in the previous section (four years). I used this cut off based on the distribution of the
semester in which these students earned their first associate degree. That is, the cut off of four years
included all students who earned an associate degree. The five-year cut off used here is based on
the distribution of first associate degree for AA2 students only.
The typologies for BA1 and AA1 reference graduation in a given time frame without indicating
type of degree earned. The typologies for BA2 and AA2, on the other hand, present type of degree
as part of the typology. This is because, as table 4.1 shows, BA1 and AA1 students overwhelmingly
earn only a single degree. Only 4.11% of BA1 students who earned a degree earned two of them.
AA1 students who earned two degrees only account for 2.34% of AA1 graduates.
While the “other” categories in those typologies which have them are not interpretable in the
same way that the other categories in a typology, I include them in the typology in order to make
it include all graduates in a degree band. The only exception to this was the typology for the BA2
degree band. There were only six students who did not fit into the three categories of the typology.
This number was small enough that I feel comfortable removing them from the typology without
losing too much information. That said, I’m also comfortable with the size of the “other” categories
in the remaining degree bands. None of them rise above 5% of graduates within a degree band.
This implies that the typology has good coverage of graduation within a degree band.
Of further note is the fact that “on-time” grads account for such a large percentage of the grad-
uates in the BA1 and AA1 typologies (83.33% and 79.9% respectively). I would have expected,
given what I know of associate student performance, that there would be an even greater amount of
delayed graduation in this second group. That said, this again points to the need to expand our time
frame of analysis beyond the four year range for associate students and beyond the six year range
for baccalaureate students. Only looking within those time periods would have missed almost 17%
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Table 4.7: Frequency Table of Delayed Graduation Typology by Degree Band
N Percent Cum. Percent
BA1
On-time Grads 17,066 83.33 83.33
6-7yrs 1,564 7.64 90.96
7-8yrs with Gap 332 1.62 92.58
7-8 Years with Part-Time 494 2.41 95.00
8-10yrs with Big Gap 795 3.88 98.88
Other 230 1.12 100.00
Total 20,481 100.00
BA2
Earn BA then seek AA 288 28.37 28.37
AA in 3-5yrs 262 25.81 54.19
AA in 6-10yrs 465 45.81 100.00
Total 1,015 100.00
AA1
On-time Grads 6,848 79.89 79.89
5-7yrs with Gap 231 2.69 82.58
5-7yrs with Part-Time 471 5.49 88.08
8-10yrs with Big Gap 829 9.67 97.75
Other 193 2.25 100.00
Total 8,572 100.00
AA2
On-time Dual-Degree Grads 2,594 14.54 14.54
AA by yr 4 BA by yr 6.5 1,360 7.62 22.16
AA by yr 5 BA by yr 8 mostly part time 541 3.03 25.19
AA by yr 5 BA by yr 10 2,018 11.31 36.50
AA Only by yr 5 3,667 20.55 57.05
AA Only after yr 5 1,729 9.69 66.74
BA Only by yr 6 3,297 18.48 85.22
BA Only after yr 6 1,760 9.86 95.08
Other 877 4.92 100.00
Total 17,843 100.00
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of degrees earned among the BA1 students and 20% of the degrees earned among AA1 students.
Tables 4.8 - 4.11 show the results from multinomial logits predicting the typology under study.
These full tables are rather large and the focus of this analysis will be on the interactions terms
included in the models. College and term of entry fixed effects were included in all models but are
not presented here.
Table 4.8: Relative Risk Ratios from Multinomial Logit of Graduation, BA1









Black * SAT Total 0.969 1.107 1.071 1.020 0.929
[-0.032] [0.102] [0.069] [0.020] [-0.074]
Hispanic * SAT
Total
1.024 1.236 1.054 1.066 1.007
[0.024] [0.212] [0.053] [0.064] [0.007]
Asian * SAT Total 0.949 1.177 1.031 1.021 1.170
[-0.053] [0.163] [0.031] [0.021] [0.157]
Black * HS GPA 0.993 0.981 1.009 1.001 0.926
[-0.008] [-0.019] [0.009] [0.001] [-0.077]
Hispanic * HS
GPA
1.012 0.999 1.020 0.977 0.945
[0.011] [-0.001] [0.019] [-0.023] [-0.056]
Asian * HS GPA 0.982 1.006 1.012 0.996 0.922*
[-0.019] [0.006] [0.012] [-0.004] [-0.081]*
Black * College
Prep Units
1.002 1.047 0.954 1.021 1.118*
[0.002] [0.046] [-0.047] [0.021] [0.112]*
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Hispanic * College
Prep Units
0.981 1.029 0.980 1.038 1.052
[-0.020] [0.029] [-0.020] [0.037] [0.050]
Asian * College
Prep Units
0.962 1.025 0.967 0.979 1.072
[-0.038] [0.025] [-0.034] [-0.021] [0.070]
Black * 1st Sem
GPA
0.954 0.925 0.881 0.931 0.847
[-0.048] [-0.078] [-0.126] [-0.071] [-0.166]
Hispanic * 1st Sem
GPA
1.182 0.796 1.053 1.140 1.107
[0.168] [-0.228] [0.051] [0.131] [0.102]
Asian * 1st Sem
GPA
1.073 0.958 0.897 0.713* 0.672
[0.071] [-0.043] [-0.109] [-0.339]* [-0.397]
Black * 1st Sem
Credits
1.054* 1.020 1.056 1.043 1.109
[0.052]* [0.019] [0.055] [0.042] [0.103]
Hispanic * 1st Sem
Credits
1.042 1.062 0.995 1.050 1.161**
[0.041] [0.060] [-0.005] [0.048] [0.149]**
Asian* 1st Sem
Credits
1.032 1.029 1.004 1.105** 1.080
[0.031] [0.029] [0.004] [0.100]** [0.077]
Black Female 0.980 1.398 0.943 1.211 0.710
[-0.020] [0.335] [-0.059] [0.191] [-0.342]
Hispanic Female 0.837 0.908 0.768 1.046 1.060
[-0.178] [-0.097] [-0.264] [0.045] [0.058]
Asian Female 1.218 1.338 0.795 1.046 1.640
[0.197] [0.291] [-0.230] [0.045] [0.494]
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1st Sem Credits *
1st Sem GPA
0.970*** 0.979 0.935*** 0.987 0.950**
[-0.030]*** [-0.021] [-0.067]*** [-0.013] [-0.052]**
1st Sem GPA * HS
GPA
0.983** 0.982 1.003 0.988 0.987
[-0.017]** [-0.018] [0.003] [-0.012] [-0.013]
College Prep Units 0.989 0.949 0.999 0.948* 0.941
[-0.011] [-0.052] [-0.001] [-0.053]* [-0.061]
HS GPA 1.018 1.002 0.956 1.001 1.065
[0.017] [0.002] [-0.045] [0.001] [0.063]
SAT 1.075 1.127 0.997 1.120* 0.975
[0.072] [0.119] [-0.003] [0.113]* [-0.025]
1st Sem GPA 3.409** 3.900 0.968 1.806 4.061
[1.227]** [1.361] [-0.033] [0.591] [1.401]
1st Sem GPA
Missing Flag
0.950 0.812 0.805 0.521* 1.038
[-0.051] [-0.208] [-0.218] [-0.651]* [0.038]
Dependent 0.905 1.224 0.714 0.696 1.433
[-0.099] [0.202] [-0.336] [-0.363] [0.360]
No Delay in Entry 0.837 0.925 0.840 0.709* 0.939
[-0.178] [-0.078] [-0.175] [-0.344]* [-0.063]
1st Sem Credits 0.956 0.943 1.003 0.905** 0.905
[-0.045] [-0.058] [0.003] [-0.100]** [-0.100]
Age at Entry 0.990 0.979 1.000 0.961* 1.049**
[-0.010] [-0.021] [0.000] [-0.040]* [0.048]**
Black 1.994 1.626 0.807 0.714 115.246
[0.690] [0.486] [-0.215] [-0.337] [4.747]
Hispanic 0.369 0.288 0.327 1.919 16.280
[-0.997] [-1.245] [-1.117] [0.652] [2.790]
Asian 7.092 0.143 0.603 1.619 110.633
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[1.959] [-1.945] [-0.505] [0.482] [4.706]
Female 0.824 0.743 0.771 0.739 0.555*
[-0.193] [-0.297] [-0.260] [-0.303] [-0.588]*
Spring Entrant 0.991 0.738 1.440 1.130 1.101
[-0.009] [-0.303] [0.365] [0.122] [0.096]
Pell Recipient 1.020 1.413** 0.734** 1.032 0.747
[0.020] [0.346]** [-0.309]** [0.031] [-0.291]
Remedial Need 1.159 1.200 0.964 1.129 0.901
[0.147] [0.182] [-0.037] [0.121] [-0.104]
Constant 0.248 0.115 10.816 2.790 0.001
[-1.394] [-2.161] [2.381] [1.026] [-6.950]
Observations 20,480 20,480 20,480 20,480 20,480
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
The reference group for the model shown in table 4.8 is “On-time Graduates.” Being on-time
is defined as earning a first degree (of any type) within twelve semesters. There are 10 significant
coefficients among the interactions in this table. Figure 4.11a shows the interaction of first semester
GPA with first semester credits for the students who earned a degree in seven to eight years with
a fair amount of part-time enrollment. In this plot there are two interesting trends. First, the lines
are bunched together at the three credit mark, indicating not much differentiation among levels of
GPA. Second, while the levels of GPA fan out as credits increase, the predicted probabilities for
GPAs of 3.0 and 4.0 are extremely similar, indicating that A students do not do that much better
than B students in terms of the return on earning more first semester credits (with respect to this
particular category of the typology).
Figure 4.11b presents the interaction of ethnicity and first semester credits for graduating in
eight to ten years with a big gap for BA1 students. For this category in this model, only the
coefficient for Asian students was significant. This means that I can compare the relatively flat line
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(a) Predictive Margins of 1st Sem Credits by 1st Sem GPA
(b) Predictive Margins of Ethnicity by 1st Sem Credits
Figure 4.11: Predictive Margins Plots, BA1
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for Asian students to the much steeper curve for White students. This indicates that White student
receive a much great benefit from earning more credits in their first semester than Asian students
do with regard to their predicted probability of on-time earning compared to graduating in eight to
ten years with a big gap.
Table 4.9: Relative Risk Ratios from Multinomial Logit of Graduation, BA2
VARIABLES Assoc in 3-5 Years Associate in 6-10 Years
Black * SAT Total 1.305 1.065
[0.266] [0.063]
Hispanic * SAT Total 1.249 0.876
[0.222] [-0.132]
Asian * SAT Total 0.972 0.893
[-0.028] [-0.114]
Black * HS GPA 0.962 0.946
[-0.039] [-0.056]
Hispanic * HS GPA 0.991 0.984
[-0.009] [-0.016]
Asian * HS GPA 0.991 0.993
[-0.009] [-0.007]
Black * College Prep Units 1.087 0.985
[0.083] [-0.015]
Hispanic * College Prep Units 1.045 1.035
[0.044] [0.035]
Asian * College Prep Units 1.109 1.069
[0.104] [0.067]
Black * 1st Sem GPA 1.505 1.054
[0.408] [0.052]
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Hispanic * 1st Sem GPA 0.794 0.670
[-0.230] [-0.400]
Asian * 1st Sem GPA 1.099 0.906
[0.095] [-0.098]
Black * 1st Sem Credits 0.853 0.858*
[-0.159] [-0.154]*
Hispanic * 1st Sem Credits 0.993 0.963
[-0.007] [-0.038]
Asian* 1st Sem Credits 0.928 0.895
[-0.075] [-0.111]
Black Female 1.164 1.471
[0.151] [0.386]
Hispanic Female 0.489 0.913
[-0.716] [-0.091]
Asian Female 0.851 0.695
[-0.162] [-0.364]
1st Sem Credits * 1st Sem GPA 0.935* 0.950*
[-0.067]* [-0.051]*
1st Sem GPA * HS GPA 1.008 0.998
[0.008] [-0.002]
College Prep Units 0.907 0.956
[-0.098] [-0.045]




1st Sem GPA 0.362 0.777
[-1.017] [-0.253]
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No Delay in Entry 1.514 0.977
[0.415] [-0.023]
1st Sem Credits 1.120 1.119
[0.114] [0.112]










Spring Entrant 1.898 1.591
[0.641] [0.464]
Pell Recipient 0.602* 0.922
[-0.507]* [-0.081]





Unstandardized coefficients in brackets
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*** p<0.001, ** p<0.01, * p<0.05










0.988 1.011 0.978 1.013
[-0.012] [0.011] [-0.022] [0.013]
Hispanic * HS
GPA
0.969 0.973 0.984 0.998
[-0.031] [-0.028] [-0.016] [-0.002]
Asian * HS
GPA
1.038 0.957 0.979 0.986




0.997 1.002 1.018 1.031




1.007 1.052 1.022 1.038




0.936 1.036 0.985 0.997
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[-0.066] [0.035] [-0.015] [-0.003]
Black * 1st
Sem GPA
1.143 0.927 0.942 1.104
[0.134] [-0.075] [-0.060] [0.099]
Hispanic * 1st
Sem GPA
1.310 1.172 1.119 1.289
[0.270] [0.159] [0.112] [0.254]
Asian * 1st
Sem GPA
1.169 0.837 1.020 1.092
[0.156] [-0.178] [0.020] [0.088]
Black * 1st
Sem Credits
0.940 0.959 0.964 0.854**
[-0.062] [-0.042] [-0.037] [-0.158]**
Hispanic * 1st
Sem Credits
0.916 0.925 0.960 0.851**
[-0.088] [-0.078] [-0.040] [-0.161]**
Asian* 1st
Sem Credits
0.975 1.037 0.986 0.940
[-0.025] [0.036] [-0.014] [-0.062]
Black Female 1.732 1.255 1.236 1.137
[0.549] [0.227] [0.212] [0.129]
Hispanic Fe-
male
1.272 0.967 0.929 0.809
[0.240] [-0.034] [-0.074] [-0.212]
Asian Female 1.316 0.959 1.127 2.722
[0.275] [-0.042] [0.120] [1.001]
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1st Sem Cred-
its * 1st Sem
GPA
0.975 0.969* 0.980* 0.933**
[-0.025] [-0.031]* [-0.020]* [-0.069]**
1st Sem GPA
* HS GPA
0.994 1.009 1.007 1.011
[-0.006] [0.009] [0.007] [0.011]
College Prep
Units
1.002 0.958* 0.967 0.954
[0.002] [-0.043]* [-0.033] [-0.048]
HS GPA 1.004 0.972 0.973 0.957
[0.004] [-0.028] [-0.027] [-0.044]
1st Sem GPA 1.022 0.441 0.389* 0.380
[0.022] [-0.818] [-0.943]* [-0.968]
1st Sem GPA
Missing Flag
0.535 0.958 0.398*** 1.170
[-0.626] [-0.042] [-0.922]*** [0.157]
Dependent 1.131 1.227 0.723* 1.021
[0.123] [0.204] [-0.324]* [0.021]
No Delay in
Entry
1.209 0.972 1.052 1.272
[0.190] [-0.028] [0.051] [0.241]
1st Sem Cred-
its
1.074 1.019 1.028 1.205*
[0.071] [0.018] [0.027] [0.186]*
Age at Entry 0.968 1.026* 0.947*** 1.031*
[-0.033] [0.025]* [-0.055]*** [0.030]*
Black 3.424 0.705 6.271 0.482
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[1.231] [-0.350] [1.836] [-0.730]
Hispanic 16.389 6.296 4.056 1.461
[2.797] [1.840] [1.400] [0.379]
Asian 0.139 20.375 5.976 2.558
[-1.975] [3.014] [1.788] [0.939]
Female 0.767 0.827 0.905 0.897
[-0.265] [-0.190] [-0.100] [-0.108]
Spring Entrant 0.803 0.952 1.336 0.783
[-0.219] [-0.050] [0.289] [-0.244]
Pell Recipient 1.315 0.721** 1.140 1.035
[0.274] [-0.327]** [0.131] [0.034]
Remedial
Need
1.222 1.121 1.295* 1.576*
[0.200] [0.114] [0.259]* [0.455]*
Constant 0.061 0.865 11.275 0.538
[-2.801] [-0.145] [2.423] [-0.621]
Observations 8,571 8,571 8,571 8,571
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
Figure 4.12 presents the predictive margin plots for the interaction of first semester credits and
first semester GPA in the AA1 model for students who graduate in five to seven years with part-
time enrollment (4.12a) and for students who graduate in eight to ten years with a big gap (4.12b).
These two plots were chosen because they allow a comparison to be drawn on the same interaction
between two different categories within the same typology. The plot for the five to seven year
category shows some of the same clustering of GPA levels at three credits that is seen in the other
CHAPTER 4. GRADUATION 120
plots of this interaction in earlier models. The plot for the eight to ten year category show a greater
dispersion of the lines, with most of them running parallel at many different points on the x-axis.
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(a) Predictive Margins of 1st Sem Credits by 1st Sem GPA, 5-7Yrs Part-Time
(b) Predictive Margins of 1st Sem Credits by 1st Sem GPA, 8-10Yrs Big Gap
Figure 4.12: Predictive Margins Plots, AA1
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Table 4.11: Relative Risk Ratio from Multinomial Logit of Graduation, AA2
VARIABLES AA by yr
4 BA by yr
6.5
AA by yr 5
BA by yr 8
mostly part
time
AA by yr 5












1.006 1.061** 1.031* 1.020 0.998 1.017 1.018 1.009
[0.006] [0.059]** [0.031]* [0.020] [-0.002] [0.017] [0.018] [0.009]
Hispanic *
HS GPA
0.989 1.013 1.005 1.018 0.982 1.001 1.016 1.002
[-0.011] [0.013] [0.005] [0.017] [-0.018] [0.001] [0.016] [0.002]
Asian * HS
GPA
0.985 0.976 1.020 1.016 0.999 1.008 1.023 1.013




0.984 1.003 0.997 0.994 1.014 0.997 1.005 0.991




0.988 1.029 1.005 1.004 1.013 0.995 1.013 0.986




0.972 0.968 0.997 0.980 0.986 0.995 0.978 0.964
[-0.029] [-0.033] [-0.003] [-0.020] [-0.014] [-0.005] [-0.023] [-0.037]
Black * 1st
Sem GPA
0.935 0.860 0.877 0.843 0.878 0.933 0.798* 0.838
[-0.067] [-0.150] [-0.131] [-0.170] [-0.130] [-0.070] [-0.226]* [-0.177]
Hispanic *
1st Sem GPA
1.053 0.689** 0.929 0.882 0.890 0.889 0.850 0.857
[0.051] [-0.373]** [-0.074] [-0.125] [-0.116] [-0.118] [-0.162] [-0.154]
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Asian * 1st
Sem GPA
0.907 0.727 0.708*** 0.777** 0.806 0.890 0.771* 0.665**
[-0.098] [-0.319] [-0.345]*** [-0.252]** [-0.215] [-0.116] [-0.261]* [-0.408]**
Black * 1st
Sem Credits
1.008 0.990 1.040 0.994 0.970 0.994 1.023 0.966




0.981 0.999 0.979 0.972 0.946* 1.028 1.018 0.987
[-0.019] [-0.001] [-0.021] [-0.029] [-0.056]* [0.028] [0.018] [-0.013]
Asian* 1st
Sem Credits
0.999 1.047 1.042 1.020 1.045 0.996 1.068** 1.003
[-0.001] [0.046] [0.041] [0.020] [0.044] [-0.004] [0.066]** [0.003]
Black Female 1.119 1.138 0.919 1.176 1.244 1.187 1.144 1.189
[0.112] [0.129] [-0.085] [0.162] [0.218] [0.171] [0.135] [0.173]
Hispanic
Female
0.901 0.795 0.792 0.878 0.576** 0.982 0.734 0.980
[-0.105] [-0.230] [-0.233] [-0.130] [-0.552]** [-0.018] [-0.309] [-0.020]
Asian Female 1.654* 0.949 1.197 1.245 0.932 1.197 0.950 0.985




0.977* 0.954** 0.975** 0.968*** 0.958*** 1.003 1.000 0.938***
[-0.023]* [-0.047]** [-0.025]** [-0.032]*** [-0.043]*** [0.003] [0.000] [-0.064]***
1st Sem GPA
* HS GPA
1.007 1.009 1.007 1.003 1.008 0.993 1.000 1.003
[0.007] [0.008] [0.007] [0.003] [0.008] [-0.007] [0.000] [0.003]
College Prep
Units
1.012 0.998 0.987 0.990 0.964** 1.015 0.994 0.983
[0.012] [-0.002] [-0.014] [-0.010] [-0.036]** [0.015] [-0.006] [-0.017]
HS GPA 0.976 0.938* 0.952** 0.953** 0.952** 1.030 0.977 0.966
[-0.024] [-0.064*] [-0.049]** [-0.048]** [-0.049]** [0.030] [-0.024] [-0.035]
1st Sem GPA 0.573 0.616 0.517 0.696 0.368* 1.874 0.834 0.680
[-0.557] [-0.485] [-0.660] [-0.363] [-1.001]* [0.628] [-0.181] [-0.385]
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1st Sem GPA
Miss Flag
0.957 0.860 0.750 0.572* 0.455** 1.476 0.606 0.538*
[-0.044] [-0.151] [-0.287] [-0.558*] [-0.788**] [0.389] [-0.501] [-0.620*]
Dependent 1.022 0.671* 0.987 0.885 0.808 1.094 0.976 0.998
[0.022] [-0.399*] [-0.013] [-0.123] [-0.213] [0.090] [-0.024] [-0.002]
No Delay in
Entry
1.242* 0.995 1.007 0.982 0.916 1.161* 1.128 0.897
[0.216]* [-0.005] [0.007] [-0.018] [-0.087] [0.149]* [0.120] [-0.108]
1st Sem
Credits
0.993 1.042 0.975 1.040 0.988 0.966 0.893*** 1.041
[-0.007] [0.041] [-0.026] [0.040] [-0.012] [-0.034] [-0.113***] [0.041]
Age at Entry 1.018 1.030** 1.001 1.006 0.999 0.977* 0.976* 0.997
[0.018] [0.030]** [0.001] [0.006] [-0.001] [-0.024]* [-0.024]* [-0.003]
Black 1.230 0.026* 0.212 0.707 2.756 0.263 0.434 1.857
[0.207] [-3.667*] [-1.7550] [-0.346] [1.014] [-1.337] [-0.836] [0.619]
Hispanic 5.001 1.324 2.097 1.126 23.180** 0.875 0.571 3.397
[1.610] [0.281] [0.741] [0.119] [3.143]** [-0.133] [-0.560] [1.223]
Asian 4.495 10.685 0.442 0.582 1.7583 0.764 0.321 1.7591
[1.7503] [2.369] [-0.817] [-0.541] [0.459] [-0.269] [-1.136] [0.464]
Female 0.817 1.032 0.979 0.693*** 0.817 0.775** 0.754* 0.848
[-0.202] [0.032] [-0.021] [-0.367]*** [-0.202] [-0.254]** [-0.282]* [-0.165]
Spring En-
trant
1.147 1.132 1.112 1.208 1.041 1.044 1.128 0.991
[0.137] [0.124] [0.106] [0.189] [0.040] [0.043] [0.120] [-0.009]
Pell Recipient 1.071 0.626*** 1.095 1.046 0.945 0.960 0.878 0.958
[0.068] [-0.469]*** [0.091] [0.045] [-0.056] [-0.041] [-0.130] [-0.043]
Remedial
Need
1.232* 1.283* 1.463*** 1.316*** 1.692*** 1.249*** 1.442*** 1.427***
[0.209]* [0.249]* [0.381]*** [0.275]*** [0.526]*** [0.223]*** [0.366]*** [0.355]***
Constant 3.171 39.018 67.151** 115.928*** 271.786*** 0.131 25.279* 18.609
[1.154] [3.664] [4.207]** [4.753]*** [5.605]*** [-2.035] [3.230]* [2.924]
Observations 17,841 17,841 17,841 17,841 17,841 17,841 17,841 17,841
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
CHAPTER 4. GRADUATION 125
Figure 4.13 presents two interactions from the model of the graduation typology for AA2 stu-
dents. The first interaction (ethnicity and high school GPA) was significant for Black students. The
second (ethnicity and first semester GPA) was significant for Black and Asian students. The line
for Black students in figure 4.13a runs in the opposite direction from the line for White students.
This indicates that as high school GPA goes up, Black students are more likely to earn an associate
degree by year five and a baccalaureate degree by year eight than to earn both degrees on-time.
The probability of the same decreases for white students as high school GPA increases.
The lines for Black, Asian, and White students have a distinctive downward parabola shape
not seen in the other plots. This indicates that the non-linearity of first semester performance
referenced in the outcome chapter might be showing up when looking at AA2 students who earn a
baccalaureate degree only and do so after their sixth year at CUNY. Both Black and Asian students
are more likely than White students at GPAs of 0.0 and 1.0 to be in this category compared to
earning two degrees on-time. It is not until a GPA of 3.0 for Black students and 4.0 for Asian
students that they are more likely than White students to be on-time, two degree earners than to
earn a baccalaureate degree in more than six years.
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(a) Predictive Margins of Ethnicity by HS GPA, Assoc by Yr 5, Bacc by Yr 8 Part-Time
(b) Predictive Margins of Ethnicity by 1st Sem GPA, Bacc Only After Year 6
Figure 4.13: Predictive Margins Plots, AA2
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4.3 Modeling Time to Degree
The final method for modeling graduation that this study explores is Survival Analysis. For the
models in this section, graduation is measured in terms of time to degree in semesters. While there
are a significant number of students who earn more than one degree (17.70% or 8,481 students), a
student who earns at least one credential is a success as far as this analysis goes. A student who
earns two degrees is successful in a way that might suggest a different sort of modeling. It would
be possible to measure time to highest degree earned, but that would elide differences between
students who earned a baccalaureate degree only and those who earned an associate degree before
earning a baccalaureate degree . A way to get around this would be to treat graduation as an event
that could occur multiple times (multiple failures in Survival Analysis terms). However, given that
a fair amount of the variation between those who earn a single degree and two degrees is captured
by the degree bands, I assert that measuring time to first graduation captures the story that I want
to look at in this study. That is, earning a second degree is building success upon success. I’m
interested in knowing the factors that lead up to crossing the finish line the first time. This is
especially true given the emphasis in this analysis on delayed graduation. Those students who earn
a certificate or associate degree in more than 4 years or a baccalaureate degree in more than 6 years
have less time to complete a second degree than those who complete “on-time” by the definition
of this analysis.
The covariates used to model time to degree will be the same set used throughout with the
addition of enrollment intensity as a time-varying covariate. That is, whether or not a student was
enrolled full time or part time in a given semester is included in modeling time to degree. This also
means that a source of missingness has been introduced into the models in terms of gaps. The data
have been reshaped from wide to long for the purposes of the Survival Analysis. The data went
from one record per student to one record per term per student. Semesters where a student is not
enrolled are not included in the analysis because they are not at risk for graduating when they are
not earning credits.
Table 4.12 presents the Kaplan-Meier Survival Function for the BA1 degree band. Unsurpris-
ingly, a number of the degrees earned (Failures) occur between semester eight and twelve. That
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Table 4.12: Kaplan-Meier Survival Function, BA1
Beginning Net Survivor Std.
Time Total Failures Lost Function Error 95% Conf. Int.
4 34811 19 0 0.9995 0.0001 0.9991 0.9997
5 34792 99 0 0.9966 0.0003 0.9959 0.9972
6 34693 321 0 0.9874 0.0006 0.9862 0.9885
7 34372 871 0 0.9624 0.001 0.9603 0.9643
8 33501 4301 0 0.8388 0.002 0.8349 0.8426
9 29200 4283 0 0.7158 0.0024 0.711 0.7205
10 24917 3592 0 0.6126 0.0026 0.6075 0.6177
11 21325 2251 0 0.5479 0.0027 0.5427 0.5531
12 19074 1328 0 0.5098 0.0027 0.5045 0.515
13 17746 965 0 0.4821 0.0027 0.4768 0.4873
14 16781 599 0 0.4649 0.0027 0.4596 0.4701
15 16182 565 0 0.4486 0.0027 0.4434 0.4538
16 15617 345 0 0.4387 0.0027 0.4335 0.4439
17 15272 330 0 0.4292 0.0027 0.424 0.4344
18 14942 219 0 0.4229 0.0026 0.4177 0.4281
19 14723 246 0 0.4159 0.0026 0.4107 0.421
20 14477 146 1.40E+04 0.4117 0.0026 0.4065 0.4168
said, a fair number of degrees are earned after this time. The survivor function drops from 0.5098
in semester twelve to 0.4117 by the end of the window of analysis.
The story for AA1 students is not nearly as cheerful. Table 4.13 shows that the survivor function
only falls to 0.8445 by the end of the window of analysis. The number of failures in this table
climbs precipitously in semesters five through seven and starts to drop off after semester seven,
leveling off by semester fourteen. That said those failures that occur between semester fourteen
and twenty account form 16% of all degrees earned in the AA1 degree band. This is further support
for extending the analysis to a full ten-year window instead of stopping at what might normally
considered on-time.
Tables C.1 and C.2 in appendix C show the Survival Functions for BA2 and AA2 respectively.
The number of failures for BA2 peaks between semesters nine and eleven with the survivor func-
tion bottoming out at 0.7497 by semester twenty. The number of failures for AA2 rises starting in
semester four or five and remains high until semester eleven or twelve. At the end of the analytic
window, the survivor function is 0.4331. This further confirms that those degree bands that end up
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Table 4.13: Kaplan-Meier Survival Function, AA1
Beginning Net Survivor Std.
Time Total Failures Lost Function Error 95% Conf. Int.
2 55131 3 0 0.9999 0 0.9998 1
3 55128 12 0 0.9997 0.0001 0.9995 0.9998
4 55116 286 0 0.9945 0.0003 0.9939 0.9951
5 54830 825 0 0.9796 0.0006 0.9784 0.9807
6 54005 1127 0 0.9591 0.0008 0.9574 0.9608
7 52878 1272 0 0.9361 0.001 0.934 0.9381
8 51606 989 0 0.9181 0.0012 0.9158 0.9204
9 50617 829 0 0.9031 0.0013 0.9006 0.9055
10 49788 614 0 0.8919 0.0013 0.8893 0.8945
11 49174 525 0 0.8824 0.0014 0.8797 0.8851
12 48649 365 0 0.8758 0.0014 0.873 0.8785
13 48284 319 0 0.87 0.0014 0.8672 0.8728
14 47965 208 0 0.8662 0.0014 0.8634 0.8691
15 47757 220 0 0.8623 0.0015 0.8594 0.8651
16 47537 177 0 0.859 0.0015 0.8561 0.8619
17 47360 213 0 0.8552 0.0015 0.8522 0.8581
18 47147 159 0 0.8523 0.0015 0.8493 0.8552
19 46988 206 0 0.8486 0.0015 0.8455 0.8515
20 46782 222 4.70E+04 0.8445 0.0015 0.8415 0.8475
at the baccalaureate level do better in terms of graduation than those that end up at the associate
level.
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Graphical representations of the failure rate serve well to illustrate the differences between
degree bands in terms of time to degree. They are more intuitive in the case of a positive “failure”
such as graduation. Figures 4.14 and 4.15 present the graphs of the failure estimates for all four
degree bands. In these graphs, a rise in the curve corresponds with degrees earned in a semester.
The failure curve for BA1 rises much more steeply than does the curve for BA2. Similarly, the
curve for AA2 rises much higher than the AA1 curve. Interestingly, the curve for AA2 rises more
gradually than that of BA1 but they end up at similar heights.
Figures C.1 and C.2 in appendix C show the survival plots by degree band while figures C.3
and C.4 show the plots of the cumulative hazard rates. The results shown in these plots mirrors
that of the failure plots presented in this chapter.
The cumulative hazard plots graphically display another way of estimating the survival func-
tion, the Nelson-Aalen cumulative hazard estimates. This estimate is particularly useful in showing
the differences in survival function that occur between ethnicities by degree band. The cumulative
hazard estimate for BA1 by ethnicity (Figure 4.16) shows a distinct difference between the survival
functions of Black and Hispanic students and those of White and Asian students. Also interesting
is the fact that the Asian cumulative hazard curve starts below the curve of White students, but that
it rises higher starting around semester twelve. The curves for AA1 and AA2 (Figure 4.17) show
some grouping along the same lines in earlier semesters but by semester ten there is clear differ-
entiation. For AA1 students Asian students have the highest curves, followed by White Students,
then Black, with Hispanic students having the lowest curves. The curves are similar for AA2 stu-
dents but with Hispanic students having a higher curve than Black students, and the curves overall
being steeper than in the AA1 plot.
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(a) Kaplan-Meier Failure Estimates, BA1
(b) Kaplan-Meier Failure Estimates, BA2
Figure 4.14: Kaplan-Meier Failure Estimates, Baccalaureate
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(a) Kaplan-Meier Failure Estimates, AA1
(b) Kaplan-Meier Failure Estimates, AA2
Figure 4.15: Kaplan-Meier Failure Estimates, Associate
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(a) Nelson-Aalen Cumulative Hazard Rate, BA1
(b) Nelson-Aalen Cumulative Hazard Rate, BA2
Figure 4.16: Nelson-Aalen Cumulative Hazard Rate, Baccalaureate
CHAPTER 4. GRADUATION 134
(a) Nelson-Aalen Cumulative Hazard Rate, AA1
(b) Nelson-Aalen Cumulative Hazard Rate, AA2
Figure 4.17: Kaplan-Meier Cumulative Hazard Rate, Associate
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Figures C.9 - C.42 present the smoothed hazard plots for all of the covariates to be included
in the survival models as main effects. The Gaussian kernel function was used to smooth the
hazard curves. In these figures we see many differences in hazard curves that are supported by
the literature and a couple that are not. For example, in figure C.11 we can see that the curve for
female students is higher than that for male students for both BA1 and BA2 students. However,
while the gap between the two peaks at the same spot around semester ten, the curves in the
BA1 plot converge as they approach the end of the tracking window, indicating that the difference
potentially diminishes over time. An example of a surprising plot is the smoothed hazard estimates
for age quartiles in BA2 students (Figure C.23). As might be expected the youngest three quartiles
have higher curves than the oldest (fourth) quartile. But around semester 15 the curve for the fourth
quartile crosses the other three which are declining at a much steeper rate. This might indicates that
older students are taking longer in general to graduate but that their graduation in later semesters
remains much steadier than younger students. This could be due to extended part-time enrollment
while working in an existing career.
Having estimated overall hazard rates by degree band and grouped by values on covariates, it
was important to run hypothesis tests on the survival functions for the values of the covariates.
Tables C.3 - C.6 present the results of a variety of hypothesis tests of the equality of survival
functions in the covariates by degree band. The tests conducted were log-rank, Wilcoxon, Tarone-
Ware, Peto-Peto-Prentice, and generalized Fleming-Harrington tests. I include two versions of
the Fleming-Harrington test: one that gives greater weight to early failures and another that gives
greater weight to later failures.
For BA1 students, the only non-significant results were for Pell receipt in the log-rank and
Tarone-Ware tests. For BA2 there were a larger number of non-significant (especially dependency
status, delayed entry to college, Pell receipt and age). That said, the BA2 is the smallest of all of
degree bands. The lack of significance may be due to issue of power instead of an indication of a
lack of statistically-discernible relationship. Dependency status and delay in entry were the only
non-significant results in the test for the AA1 and AA2 degree bands. While this might indicate
that these variables will not be useful in modeling time to degree, I will include these variables in
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the models given their weight in the literature.
There are two widely used methods for modeling survival time using regression: semiparamet-
ric and fully-parametric. Semiparametric models allow the researcher to calculate coefficients for
covariates without making assumptions about the baseline hazard. The Cox proportional hazard
model is one of the most popular semiparametric survival models. The Cox model model “makes
no assumptions about the shape of the hazard over time–it could be constant, increasing, decreas-
ing, increasing then decreasing, decreasing or increasing, or anything else you can imagine; what
is assumed is that, whatever the general shape, it is the same for everyone” (Cleves et al., 2008).
In order to examine the feasibility of using a Cox model, I first examined the proportional
nature of the hazards by looking at the curves for − ln(− ln(survival)) curves for each category
of the categorical covariates to be used in the model. Figures 4.18 and 4.19 in this chapter present
the plots for remedial need for AA1 and AA1 degree band and no delay in entry to CUNY for BA1
and BA2 students. Figures C.43 -C.54 in appendix C present the results for the other variables
and degree bands. I chose the remedial need plots for AA1 and AA2 since they present curves
that I would say are reasonably parallel. The plots for No Delay in Entry present curves that are
distinctly not parallel. In both plots for no delay in entry the curve starts off higher than the curve
for those who delayed entry to CUNY. The plots of remedial need indicate that this variable meets
the proportional hazards assumption while no delay in entry to CUNY does not. Of the plots in
the appendix, gender, Pell receipt, and remedial need (BA1 and BA2) were parallel and ethnicity,
dependency status, no delay in entry (AA1 and AA2), and spring entrance were not parallel.
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(a) Log-Log Plot of Survival by Remedial Need, AA1
(b) Log-Log Plot of Survival by Remedial Need, AA2
Figure 4.18: Log-Log Plot of Survival by Remedial Need, Associate
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(a) Log-Log Plot of Survival by No Delay in Entry, BA1
(b) Log-Log Plot of Survival by No Delay in Entry, BA2
Figure 4.19: Log-Log Plot of Survival by No Delay in Entry, Baccalaureate
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The presence of this potential violation of the proportional hazards assumption in the main
effects of a Cox model is cause for concern. For completeness sake, I ran the models regardless
and ran further tests of the proportional hazards assumption using the results of the models. Tables
C.7 - C.10 present the results of the Cox models. Tables C.11 - C.14 present the results of the
proportional hazards tests of the full models for all degree bands1. For the purpose of this test,
which uses Schoenfeld residuals (Schoenfeld, 1982), rejecting the null hypothesis is an indication
of potential violation of the proportional hazards assumption. There are a variety of concerning
results in these tables, including the rejection of the null for the flag for Hispanic students in the
BA1 model, and the rejection of the null for both high school GPA as well as first semester GPA at
CUNY in the AA1 model. For this reason, I am turning instead to parametric models of survival.
Parametric models make assumptions about the shape of the baseline hazard. The models under
consideration in this analysis are the exponential model, the Weibull model, the Gompertz model,
the log-normal model, the log-logistic model and the Generalized Gamma model. As stated in
the introduction, log-likelihoods are not available for use in postestimation after analyses using
multiply imputed data. With earlier comparisions of models, I am able to compare the significance
of models with and without degree band and with and without interactions to infer model fit without
a metric based on log-likelihood. For model comparison of different hazard distributions, this is
not an option. As no option exists to test these models using imputed data, I ran the tests on
unimputed data. While this is certainly not ideal, it is the best option currently available. With this
limitation in mind, I ran all six models for each degree band and compared the resulting Akaike
Information Criterion (AIC) and Schwarz Bayesian Information Criterion (BIC). Table 4.14 in this
section presents goodness of fit for all models and all degree bands. As we can see from this table,
the Generalized Gamma model has the lowest AIC and BIC across all four degree bands. This
indicates that this distribution fits the data of those tested.
1The Cox regression tables presented here use multiply imputed data. Unfortunately, at this time there is no way
to test Schoenfeld residuals using imputed data. Cox regressions were run on non-imputed data and compared with the
imputed results. As the results were similar (the coefficients were close, but there were differences in significance),
the proportional hazards test have been included in the appendix for reference. Similar to the fit statistics described
above, I am aware that this is not an ideal solution, but given the limitations of survival analysis on imputed data and
the fact that the Cox model is not ultimately the final survival model used in this chapter, I argue that this compromise
is the best way possible to work within the limits of the method.
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Table 4.14: Akaike’s and Schwarz’s Bayesian Information Criteria
Obs ll(null) ll(model) df AIC BIC
BA1
Exponential 212599 -20457.67 -19629.79 61 39381.58 40007.87
Weibull 212599 -10169.68 -6521.464 62 13166.93 13803.49
Gompertz 212599 -13214.32 -10057.37 62 20238.74 20875.3
Log-Normal 212599 -7035.695 -3633.525 62 7391.051 8027.615
Log-Logistic 212599 -6923.488 -3333.063 62 6790.126 7426.69
Gamma 212599 -5940.37 -2987.686 63 6101.372 6748.203
BA2
Exponential 22588 -1400.703 -1290.466 61 2702.931 3192.467
Weibull 22588 -1003.634 -812.7731 62 1749.546 2247.107
Gompertz 22588 -1105.444 -929.4422 62 1982.884 2480.445
Log-Normal 22588 -925.192 -741.8589 62 1607.718 2105.279
Log-Logistic 22588 -961.1782 -760.0731 62 1644.146 2141.707
Gamma 22588 -893.8772 -729.2513 63 1584.503 2090.089
AA1
Exponential 192024 -12708.9 -11303.96 56 22719.92 23289.18
Weibull 192024 -10227.44 -8319.437 57 16752.87 17332.3
Gompertz 192024 -11180.58 -9446.006 57 19006.01 19585.44
Log-Normal 192024 -9418.162 -7358.798 57 14831.6 15411.02
Log-Logistic 192024 -9819.762 -7633.765 57 15381.53 15960.96
Gamma 192024 -8984.079 -6965.299 58 14046.6 14636.19
AA2
Exponential 167588 -18007.75 -17576.24 56 35264.49 35826.13
Weibull 167588 -13119.1 -11704.67 57 23523.34 24095.01
Gompertz 167588 -14781.33 -13576.68 57 27267.36 27839.03
Log-Normal 167588 -11688.38 -9975.945 57 20065.89 20637.56
Log-Logistic 167588 -11958.08 -10276.41 57 20666.81 21238.48
Gamma 167588 -11402.36 -9302.757 58 18721.51 19303.21
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Table 4.15 presents the results of the survival model for each degree band using the Generalized
Gamma distribution. Each column represents a separate model for a degree band. The coefficients
are in the accelerated failure-time metric and are exponentiated, creating time ratios. The time
ratios, “can be interpreted as the factor by which the expected time-to-failure is multiplied as
a result of increasing x1 to x1 + 1. If exp(β1) < 1 (β1 < 0), the expected time decreases; if
exp(β1) > 1(β1 > 0), it increases” (Cleves et al., 2008).
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Table 4.15: Time Ratios for Generalized Gamma Survival Models
VARIABLES BA1 BA2 AA1 AA2
Black * SAT Total 1.003 0.961
[0.003] [-0.040]
Hispanic * SAT Total 1.008* 0.954*
[0.008]* [-0.047]*
Asian * SAT Total 1.005 0.978
[0.005] [-0.022]
Black * HS GPA 1.000 1.003 0.998 1.000
[0.000] [0.003] [-0.001] [-0.000]
Hispanic * HS GPA 0.999 0.998 1.000 1.000
[-0.001] [-0.002] [0.001] [0.000]
Asian * HS GPA 1.000 1.005 1.001 1.002
[0.000] [0.005] [0.002] [0.001]
Black * College Prep Units 0.999 0.988 1.002 1.001
[-0.001] [-0.012] [0.001] [0.000]
Hispanic * College Prep Units 0.998 0.977* 1.001 1.000
[-0.002] [-0.024]* [-0.000] [-0.000]
Asian * College Prep Units 0.998 0.997 1.001 1.001
[-0.002] [-0.003] [0.000] [0.000]
Black * 1st Sem GPA 0.998 0.980 0.990 0.984*
[-0.002] [-0.020] [-0.001] [-0.018]*
Hispanic * 1st Sem GPA 1.012 1.028 1.015 0.995*
[0.012] [0.028] [0.018] [-0.019]*
Asian * 1st Sem GPA 1.007 0.986 1.016 0.995
[0.007] [-0.014] [0.023] [-0.005]
CHAPTER 4. GRADUATION 143
Black * 1st Sem Credits 1.005** 0.994 0.992*** 0.999
[0.005]** [-0.006] [-0.009]*** [0.000]
Hispanic * 1st Sem Credits 1.002 0.997 0.986*** 0.999*
[0.002] [-0.003] [-0.013]*** [0.004]*
Asian* 1st Sem Credits 1.005*** 1.001 0.996 0.999
[0.005]*** [0.001] [-0.005] [0.001]
Black Female 0.996 1.070 1.018 1.005
[-0.004] [0.068] [0.019] [0.023]
Hispanic Female 0.995 1.085 0.977 0.986
[-0.005] [0.081] [-0.024] [-0.004]
Asian Female 1.001 1.043 0.996 0.967*
[0.001] [0.042] [-0.010] [-0.045]*
1st Sem Credits * 1st Sem GPA 0.996*** 0.993* 0.995*** 0.996***
[-0.004]*** [-0.007]* [-0.005]*** [-0.006]***
1st Sem GPA * HS GPA 0.999** 0.999 1.002*** 1.000
[-0.001]** [-0.001] [0.002]*** [0.000]
College Prep Units 0.999 1.003 0.995** 0.999
[-0.001] [0.003] [-0.004]** [-0.000]
HS GPA 0.999 0.994 0.990*** 0.998
[-0.001] [-0.006] [-0.010]*** [-0.002]
SAT 1.003 1.027 0.000 0.000
[0.003] [0.027] 0.000 0.000
1st Sem GPA 1.070* 1.098 0.794*** 0.956
[0.068]* [0.094] [-0.247]*** [-0.037]
1st Sem GPA Missing Flag 0.986 1.074 0.826*** 0.956***
[-0.014] [0.072] [-0.222]*** [-0.071]***
Dependent 1.006 1.090 1.027* 1.017
[0.006] [0.086] [0.025]* [0.014]
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No Delay in Entry 0.997 0.930 1.018** 1.008
[-0.003] [-0.073] [0.025]** [0.033]***
1st Sem Credits 0.993*** 1.009 0.994 0.992***
[-0.007]*** [0.009] [-0.003] [-0.003]
Age at Entry 0.999 1.001 1.001 0.998*
[-0.001] [0.001] [0.001] [-0.001]*
Black 0.934 1.596 1.253 1.038
[-0.069] [0.468] [0.155] [0.037]
Hispanic 1.042 2.743* 1.147 1.036
[0.041] [1.009]* [0.042] [0.000]
Asian 0.891 0.932 0.952 0.916
[-0.116] [-0.070] [-0.153] [-0.093]
Female 0.965*** 0.872** 0.927*** 0.980**
[-0.036]*** [-0.136]** [-0.076]*** [-0.030]**
Spring Entrant 0.985 1.134 0.948*** 0.976*
[-0.015] [0.126] [-0.059]*** [-0.020]*
Pell Recipient 1.006 1.055* 1.041*** 1.009
[0.006] [0.053]* [0.043]*** [0.010]
Remedial Need 1.027*** 1.008 1.117*** 1.078***
[0.026]*** [0.008] [0.110]*** [0.060]***
Full-Time Enrollment 0.806*** 0.773*** 0.790*** 0.787***
[-0.216]*** [-0.258]*** [-0.233]*** [-0.234]***
Unstandardized coefficients in brackets
*** p<0.001, ** p<0.01, * p<0.05
Figures 4.20 - 4.222 present the predictive margins of six interactions from the survival models
2These plots are constructed using unimputed data. Producing these plots was extremely computationally intensive
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presented in table 4.15.
The predictive margins of the interaction of ethnicity and total SAT score are presented in
figure 4.20a. The interaction of the flag for Hispanic students and SAT score was significant in this
model. The plot shows that, as with the previous models that included SAT score, higher scores are
correlated with later graduation. Similarly to the results of figure C.15, the slope for the Hispanic
line is much steeper, indicating that the strange effect of higher SAT scores increasing the predicted
median time to degree is stronger for Hispanic students than it is for White students.
Figure 4.20b shows the predictive margins for first semester GPA and high school GPA for BA1
students. The results are similar to the plot of the same interaction for BA1 students in predicting
graduation compared to dropping out (figure 2.6a). In that plot the relationship was positive as it
was predicting graduation. In this plot the relationship is negative as it predicts time to degree.
This indicates that this interaction affects not only the probability of graduation but its timing as
well. Interestingly, this interaction was not significant in the binomial model of delayed graduation
for BA1 students but it was significant for one of the categories in the delayed graduation typology
for BA1 student (table 4.8). Also of notes is that, for all levels of high school GPAs, students who
earn a 3.0 in their first semester of CUNY have a lower predicted median graduation semester than
those who earn a 4.0.This difference diminishes as high school GPA increases. This may mean
that the effect of earning a 4.0 is such a strong positive factor in graduation time that higher levels
of high school GPA matter less, while they have a comparatively stronger effect on those who earn
a 3.0 in their first semester.
The interaction of ethnicity and first semester credits for AA1 students is presented in figure
4.21a. In this figure there is an convergence of the lines around twelve credits. This indicates that
the threshold for full-time status has a leveling effect on the differences between ethnic groups
in terms of time to degree. Higher numbers of credits appear to be associated with groupings of
ethnicities, with Whites and Asians being similar and Blacks and Hispanics being similar. Inter-
estingly, at eighteen credits or more, Black and Hispanic students have an earlier predicted median
and producing them using imputed data is not feasible at this time. While significance varies between the imputed and
unimputed models, the coefficients are similar enough to justify the use of these predictive margin plots. The results
of the models that produced these plots are presented in table C.15 in appendix C
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(a) Interaction of Ethnicity and SAT, BA1
(b) Interaction of 1st Sem GPA and HS GPA
Figure 4.20: Predicted Median Graduation Semester, BA1
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time to degree than Whites and Asians.
Figure 4.21b shows the interaction of first semester and high school GPA for AA1 student.
As with BA1 students, there are large differences between levels of first semester GPA, with high
GPAs associated with faster graduation. There is a curious trend of the line for a first semester
GPA of 3.0 being almost identical to the line for a GPA of 4.0 at high school GPAs of 60 through
80. At high school GPAs of 85 and above, students with a first semester GPA of 3.0 have a lower
predicted median graduation semester than students with a 4.0 GPA. The differences in the slopes
of the lines are more pronounced in this plot than they are in the BA1 plot, indicating that the
effect of high school GPA on time to degree may be stronger for associate students than it is for
baccalaureate students.
Also of note is the scale of the y-axis in these plots. The range of the y-axes for the BA1 plots
were nine and a half and eleven and a half semesters and up to fourteen semesters, respectively.
The ranges for these two plots are ten to eighteen and ten to over twenty. The predicted median
graduation semester of a student who has a high school GPA of 60 and a 0.0 first semester GPA at
CUNY is outside of the tracking window for this dissertation. The difference in predicted median
graduation semester between a Hispanic student who earned zero credits in their first semester
and one who earned twenty-one credits in their first semester is four years. This points to a much
stronger effect of high school preparation and first semester performance on time to degree for
associate students than for baccalaureate students.
Figure 4.22a shows the predictive margins of the interaction of first semester credits and first
semester GPA for AA2 students. The lines are remarkably parallel. These results is very similar
to the predictive margins for this interactions for AA1 students who graduated in eight to ten years
with a big gap in the delayed graduation typology from the previous section (figure 4.12b). In that
plot, however, the slopes are less steep than they are here. For student whose first semester GPA
is 1.0, there is about a year difference in the predicted median graduation semester for those who
earn a three credits and those who earn 15 credits. While this may not be surprising given the
relationship between credits and graduation, the fact that for students who earn a 4.0 in their first
semester, those who earn fifteen credits are predicted to graduate almost a year and a half earlier
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(a) Interaction of Ethnicity and 1st Sem Credits, AA1
(b) Interaction of 1st Sem GPA and HS GPA, AA1
Figure 4.21: Predicted Median Graduation Semester, AA1
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than those who earn zero credits. This points to a relationship between GPA and credits beyond
the fact that credits are needed to graduate and therefore the more credits you earn the sooner you
graduate.
The interaction of ethnicity and first semester GPA is presented in figure 4.22b. As the in-
teraction for Black students was the only significant one in this group, I will discuss its line in
comparison to that of White students. That said, this lack of significant difference between Asian,
Hispanic and White students is shown in the graph in how closely their lines appear to each other.
As with other interactions, this plot shows that predictors of graduation (in this case first semester
performance) have a stronger effect on Black students than they do on White students. Black
students with a first semester GPA of 0.0 have a larger predicted mean graduation semester than
White students with the same GPA. Conversely, Black students with a GPA of 4.0 have an earlier
predicted graduation semester than White students. As with the BA1 plots, the scale of change is
much smaller than it is for AA1 students for the interaction of ethnicity and first semester GPA. It
is still comparatively large for the interaction of first semester GPA and credits.
Finally, there is a main effect that deserves discussion in these models. In all four degree band
models, full-time enrollment as a time-varying covariate was significant and had an accelerating
effect on time to degree. The time ratios of full-time enrollment were among the smallest out of
any in the models. While it is perhaps not surprising that taking more credits accelerates time to
degree, this points to the appropriateness of including the variable in the model. Further, it brings
in enrollment intensity in a way that is not possible for any other model in this dissertation except
the delayed graduation typologies. Some of the categories in the typology include part-time status,
but none of them do so in as sophisticated a manner as a time-varying covariate. While it does not
approach Andrew Abbott’s ideal of a whole-career analysis using Sequence Analysis, it does allow
for variation across time in a way that none of my other regression models do.
All of this points to the need to include a wider set of interactions in models of student gradu-
ation. This is especially true when ethnicity is under consideration. A wide variety of interaction
using a series of different ways of modeling graduation show time and time again that high school
preparation and first semester performance have different effects for minority students than they
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(a) Interaction of 1st Sem Credits and 1st Sem GPA, AA2
(b) Interaction of Ethnicity and 1st Sem GPA, AA2
Figure 4.22: Predicted Median Graduation Semester, AA2
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do for White students. These results also point to the need to interact measures of first semester
performance with each other in order to more accurately model graduation.
Chapter 5
Conclusion
The results of the previous chapters point to a need to measure graduation using more complicated
methodologies than previous research does. This plays out in three ways over the course of the
previous four chapters:
1. Measuring Degree Pursued at Entry to and Exit from College
2. Inclusion of Appropriate Interactions
3. Using a Variety of Ways of Measuring Time to Degree
In this dissertation I have applied three methods in a variety of ways in order to examine
graduation outcomes among CUNY undergrads. In the introduction, I test different ways of mea-
suring degree pursuit, concluding that measuring at entry and exit from an institution is superior to
measuring it only at entry. This set the stage for a more complex set of analyses to follow the intro-
duction that looked at each degree band separately first on overall student outcomes in the second
chapter, then examining sequences of enrollment, transfer, and graduation, and finally creating a set
of graduation models where time is measured in increasingly fine detail. While there are variations
in which particular interactions are significant across the different ways of measuring graduation,
that they remain significant in general points to their robustness in predicting graduation.
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5.1 Hypotheses
5.1.1 Hypothesis One
In the introduction I test the first of the hypotheses that this dissertation centers upon. Using
multinomial logistic regression, I test different ways of measuring degree pursuit. Comparing a
model where degree pursuit is measured only at entry to a model where it is measured at entry
and exit, I find that the second model is preferable based on the significance of the degree band
dummy variables. All three degree band dummies (BA1 was the reference category) are significant
for all three outcomes (graduation, transfer, and still enrolled with dropping out as the reference
category). In terms of graduation, students in the degree bands that finish at the associate level
(BA2 and AA1) were less likely to graduate compared to dropping out compared to BA1 students.
Surprisingly, AA2 students were quite a bit more likely to graduate compared to dropping out than
BA1 students (an odds ratio of 3.592). This supports previous literature that states that associate
students who make it to the baccalaureate level do as well or better than “native” baccalaureate
students. Perhaps not surprisingly, those degree bands that involve a change in level (BA2 and
AA2) were more likely to transfer outside of CUNY than drop out compared to BA1 students.
This perhaps is a factor of their being more mobile within the higher education system to begin
with as a result of changing the level of degree pursued. Students in these degree bands were also
more likely to be still enrolled at the end of the tracking window than BA1 students compared to
dropping out. The disruptive nature of transferring levels might be attenuating their enrollment.
Unfortunately, AA1 students were less likely to have any successful outcome (graduation, transfer,
enrollment in semester twenty) compared to dropping out than BA1 students.
All of this information is lost if degree pursuit is only measured at entry. The only inference
that can be made from the model that included a flag for pursuing an associate degree at entry is
that they are less likely to graduate instead of dropping out than those who pursue a baccalaureate
degree at entry.
Most of the other odds ratios in the two models are similar in size, direction, and significance.
Differences between the two models include the odds ratio for first semester GPA which is greater
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than one for transfer students compared to drop out students in the first model and less than one
in the second model. Also different were the odds ratios for age at entry for graduating students
and first semester credits for transfer students. Both lose their significance when degree pursuit
is measured twice instead of once. Interestingly, in both models, Black students were more likely
than their White counterparts to transfer and to still be enrolled at the end of the tracking window
than to drop out. Hispanic students were more likely to still be enrolled and less likely to graduate
or transfer compared to dropping out in comparison to White students. Asian students were more
likely to graduate and less likely to transfer compared to dropping out than White students. In
terms of graduation, spring students were less likely to graduate than drop out and Pell recipients
were more likely to graduate than to drop out. Finally, female students were more likely than men
to have every kind of successful outcome (graduation, transfer, still enrolled) while students with
remedial need more likely to drop out than every successful alternative.
This chapter also provides an empirical justification for a simple imputation of two missing
variables (delayed entry to college and dependency status). The ability to include students who
are missing data on these variables with a simple calculation makes analysis much easier for a
researcher who has access to age data for students.
5.1.2 Hypothesis Two
In chapter 2, I use decision tree analysis to explore interaction terms to add to the main effects
model of student outcome touched upon in the introduction. This allows me to test hypothesis two:
Main effects models are insufficient to model student outcomes. Non-linear terms are explored
briefly but ultimately set aside in order to focus on interaction terms involving ethnicity, high
school preparation, and first semester performance. Once a final set of interaction terms is decided




CHAPTER 5. CONCLUSION 155
4. Still Enrolled
In the decision tree section of the chapter I explore four different types of decision tree analysis:
Classification and Regression Tree analysis (CART), Conditional Inference decision trees, Random
Forests using CART trees and Random Forests using Conditional Inference trees. The results of
the CART models are found to be too small to be of use in exploring interactions for use in the
regression models in the dissertation. The results of the Conditional Inference tree analysis have
the opposite problem; the trees produced are too large and complex to act as a starting point for
testing interactions. While interesting, these results are set aside in order to explore Random Forest
versions of both types of individual trees. Similar results are found using both types of underlying
tree. The fuller set of analyses provided by the R package that models CART Random Forests is
the basis for choosing this type of Random Forest over the other.
Using a set of matrices of variable interactions produced by the Random Forest models, a
variety of interactions were tested individually and in concert. Ultimately a set of interactions is
chosen and put into a series of models of student outcomes. The interactions are as follows:
1. Ethnicity
a) SAT and Ethnicity (for BA1 and BA2)
b) HS GPA and Ethnicity
c) College Prep Units and Ethnicity
d) 1st Sem. GPA and Ethnicity
e) 1st Sem. Credits and Ethnicity
f) Gender and Ethnicity
2. Early Performance
a) 1st Sem. Credits and 1st Sem. GPA
b) 1st Sem. GPA and HS GPA
As the results of multiply imputed regressions do not provide log-likelihoods for the models,
information criteria are not available to compare the two models. However, the fact that there are
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a fair number of significant coefficients among the interactions provides support to the idea that
including the interactions above is reasonable if they are pertinent to the topic of study. In this
case, the interactions allow me to examine the ways that ethnicity, high school preparation, and
college performance work together to produce the differing rates of graduation seen among Black
and Hispanic students. That the interactions are not significant in every model suggests not that
they are inappropriate to use but that the situation is so complex that even these interactions do not
explain completely why some students do worse than others with regard to graduation.
The interactions above add important information to our understanding of how graduation out-
comes vary along ethnic lines. In the subgroup analyses, I find that college preparatory units are a
more important predictor of graduation for White students than they are for Black students in the
BA1 degree band. For AA1 students, high school GPA has a stronger effect on a Black student’s
probability of graduation compared to dropping out than it did for White students. In the model
for BA2 students, the interaction of first semester credits and first semester GPA shows that differ-
ences in predicted probability of graduation for various levels of GPA are comparatively small for
students who earn zero credits in their first semester. However, the differences grow as the number
of credits grow, such that a student who has a 4.0 GPA and earns twenty-one credits is much more
likely to graduate than to drop out than a student who has a GPA of 1.0 and earns the same number
of credits.
All of this points to the utility of including the interactions listed above in models of student
outcomes. I find it supports hypothesis two that main effects are not enough when modeling
outcomes.
5.1.3 Hypothesis Three
Hypothesis three states that the predictive power of measures of high school preparation and early
performance vary by ethnicity. This hypothesis is supported by results from the student outcome
chapter as well as the graduation chapter. As stated above, in the outcome model for AA1 White
students benefit more than Black students from college preparatory units and Black students benefit
more from high school GPA with regard to their probability of graduating compared with dropping
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out. Asian students probability of graduation was much less strongly affected by college prepara-
tory units than White students were in the AA2 model. Further, Black and Hispanic students have
much steeper lines than White students in the plot of the predicted margins of first semester GPA
on the probability of graduation for BA1 students.
In the binomial models of graduation, Hispanic students’ probability of delayed graduation
is affected much more strongly (and oddly positively) by increasing total SAT score than White
students in the BA1 model. The interaction of ethnicity and first semester credits in the BA1 model
show that, while Asians students start off less likely to delay graduation at lower levels of credits
earned, as the number of credits earned increases, White students probability of delay decreases
faster than all of the other ethnic groups. In this plot, Black and White students start off at almost
the same probability at the low end of credits earned and Black and Hispanic students end up with
almost the same probability at the high end of credits earned. In the same way as in the model of
student outcomes, Black AA1 students benefit more from higher levels of high school GPA than
do White AA1 students. This effect is robust whether graduation is measured in comparison to
dropping out or in terms of on-time versus delayed graduation.
There are interesting trends in the multinomial logistic regressions of graduation as well. Sim-
ilar to the student outcome model for AA1, Asian BA1 students’ probability of being in delayed
graduation outcome (in this case earning a degree in eight to ten years with a big gap compared
to on-time graduation) is much flatter than White students probability of delayed graduation as the
number of first semester credits increases.
Finally, the results of the survival analyses also support the hypothesis that the effects of high
school preparation and first semester performance vary by ethnicity. As the earlier models show,
there are differences in terms of the return to high school preparation and early performance by
ethnic group. The survival models add the ability to use these differences to predict median gradu-
ation semesters. In the model for AA1 students, there were differences in the predicted graduation
semester by ethnicity for various values of first semester credits earned. However, there was a
convergence of the lines for the different groups at the twelve credit mark. This indicates that there
is something about this number of credits that elides differences between groups seen at other
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numbers of credits.
5.1.4 Hypothesis Four
The Sequence Analysis chapter lays the groundwork for the testing of hypothesis four: There are
previously unmeasured subgroups among delayed graduates.
Beyond their role in identifying potential subgroups who delay graduation, the sequences an-
alyzed in chapter three gave important information about how CUNY students are going through
college. Among the top ten patterns in each degree band, we saw a microcosm of the success and
struggles of students making their way through the higher education system. Nine of the top twenty
patterns for BA1 students involved graduation, four out of the twenty involved transfer outside of
CUNY, and seven involved dropping out of the system. For BA2 students, the picture was even
better: none of the top twenty patterns involved dropping out. There were nine graduation patterns
and eleven transfer patterns. The stories of the top twenty patterns for the degree bands that end
at the associate level were less cheerful. Only three of the top twenty patterns for AA1 students
involved graduation. The rest were patterns of dropping out. For BA2 students, seven of the top
twenty patterns involved dropping out, eleven involved transfer, and only two involved graduation.
The state distributions for each degree band across time show a picture of increasing success
for BA1 and AA2 students. For AA1 and BA2 students, the picture is less rosy. The percentage
of students stopped out in a given semester tops out at around 75% for AA1 students. This is
collaborated by the mean time spent in a given state for each degree band. AA1 students spend
12.8 semesters stopped out, indicating a high prevalence of early drop out in this degree band. BA1
and AA2 students, on the other hand, spend a longer amount of time enrolled full-time, on average,
than the other two degree bands.
The cluster solution arrived at in the Sequence Analysis chapter provides interesting possibili-
ties for a typology of delayed graduation. The differences in path to outcome show in those who
graduated in the same time frame but with different patterns of enrollment, and are very interesting
to me. Before I conducted the cluster analysis, I suspected that there would be students whose
graduation was delayed to a higher prevalence of part-time enrollment. I also thought that there
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would be another delayed graduation group characterized by stopping out. However, I thought
that their patterns would resemble what others in the literature describe as porpoising (i.e. leaving
and returning multiple times within the time frame). Instead, I find that there tends to be a single
stop out period of at least a couple of semesters among those who graduated in five to seven years.
There are also those who graduate in their eighth year or later who have taken a longer break than
those who graduated in five to seven years with a gap.
However, once the cluster analysis is converted to a typology and tested in multinomial logistic
regressions in the results were not uniformly significant. I had hoped to find more definitive results
allowing me to describe which students are more likely to graduate in five to seven year with part-
time attendance as different from those who graduate in five to seven years with a gap. In this I find
that the evidence for statistically discernible subgroups is spotty at best. I am not able to find many
trends other than the interaction of first semester GPA and first semester credits being significant
more often than other interactions. This is possibly due to smaller numbers of students in the
categories of the typology that involve delayed graduation. In the cluster analysis, these groups
tended not only to be small but also more heterogeneous. This makes modeling membership in
these categories more difficult.
Despite less conclusive results for hypothesis four, I assert that the typology based on the
Sequence Analysis is still a useful starting point for future research. I suspect that qualitative
research into these students and what caused them to follow the path they did would reveal far
more than trying ever more inventive or complicated statistical methods would. The predictors of
different kinds of delayed graduation are probably not in the data currently available to me and
interviews or focus groups would help to reveal what those predictors might be.
5.1.5 Hypothesis Five
As noted above, the contribution of this dissertation is methodological as well as content-based.
Hypothesis five is the final aspect of the methodological contribution. The hypothesis states that
how graduation is measured matters in modeling. This was tested in both the outcome chapter
and the graduation chapter. The outcome chapter included graduation as one possible alternative
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among four. In chapter four, graduation is measured three ways: binomially, multinomially, and as
time to degree.
The fact that many of the interactions under study remained significant across these different
ways of modeling graduation points to their robustness as predictors. That said, the nuance that
measuring graduation in all of these ways gives an analysis would be lost if only one were chosen.
Measuring graduation as one outcome out of many places it in its context and allows the researcher
to predict graduation broadly without any dimension of time. Binomial models of graduation that
measure delayed versus on-time graduation allow the introduction of the element of time while
maintaining the statistical power of relatively large cell sizes. Multinomial models of graduation
allow for fine-grained examining of differences in paths to degree and differences in duration, but
at the cost of loss of power with so many categories. Survival Analysis allows time to degree to
be measured at the most granular level possible with transcript data. The ability to predict median
graduation semester is a powerful tool in analyzing differences in preparation, performance, and
demographics.
As an example of the last point, the scale of the y-axis in the margin plots for the survival
analyses is important to note. While the x-axis was always the same for a given covariate (0-4 for
first semester GPA, 0-21 for first semester credits), the y-axis varied by plot. There was a general
trend to this variation. The y-axes for the BA1 and AA2 plots had a smaller range than the y-axes
than the AA1 plots. This indicates that the same range of values on the x-axis had a larger effect on
the predicted median graduation semester for AA1 students than they did for the other two degree
bands for which I created plots. As I state in the previous chapter, there is a four-year difference
in the predicted graduation semester between a Hispanic student who earns twenty-one credits in
their first semester and one who earns zero credits in their first semester.
All of this is to say that the different kinds of information that it is possible to glean by using
these methods in concert allows for an incredible amount of detail on what predicts graduation.
The particularities of each method make them well suited to answering a variety of questions about
graduation. The exact nature of the question about graduation that needs to be answered should
guide which of the ways of modeling used here should be utilized in a given research project. This
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supports the hypothesis that how graduation is measured matters when choosing a model.
5.2 Limitations
The results above have many implications for the way that educational research is conducted, es-
pecially with regard to the modeling of high school preparation and early performance for minority
students. However, there are a number of limitations that must be given consideration with regard
to generalizing these results.
First and foremost, the data do not constitute a nationally-representative sample of undergradu-
ate students. While it does encompass a slice of the entire student body in an entire large university
system, there are no doubt ways in which this population differs from the total population of U.S.
undergraduate students. CUNY’s Office of Institutional Research and Assessment does not provide
weights in order to balance any selection issues present in the data. That said, as a large, urban uni-
versity system with a large population of minority students, CUNY represents an excellent location
in which to focus in on the outcomes of students of color.
Second, the choice to extend the tracking window to ten years means that the number of cohorts
available to analyze is fewer than the total number of cohorts in the data set. While 125,515
students is still quite a large sample, more cases might have helped to identify significant effects
among the smaller categories of the typology of delayed graduation.
Third, the data are limited to transcript and application data. Anything about a student’s ex-
perience prior to or in college that is not in those two data sources is not available to me for this
analysis. This is not to say that the data set is not a rich one with years worth of data to mine. But
as the decision tree analyses show, the available data are not very good at predicting transfer. The
determinants of transfer as well as different paths to delayed graduation are not available at this
time.
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5.3 Future Directions and Implications
Given the limitations listed above, I argue that there are two possible future directions for this
research. One direction is towards qualitative methodologies. While there could possibly be addi-
tional ways of modeling the data currently available to me, I postulate that a new source of data is
necessary if the other student outcomes (especially transfer) are to be explored. Interviews and fo-
cus groups would be invaluable in understanding why students take the pathways they do through
higher education. It would also be interesting to attempt to replicate this analysis using nationally
representative data.
The other potential future direction is to use the available data to take as deep a dive into
dropping out as I do into graduation. The cluster analysis did not reveal differences in path to
dropping out but they did reveal differences in duration. This implies three separate analyses to
me. The first is an analysis comparing those students who drop out earlier with those who drop out
much closer to being able to graduate. Second, an analysis that looked at credits earned over time
using Growth Mixture Modeling might shed some light on the differences in those who dropout
within the first year from those who persist for multiple years. Third, a survival analysis that
measures time to drop out would also be a fruitful way to explore the other student outcomes that
are not the focus of this dissertation. Perhaps once more years of data become available, an analysis
of those students who were still enrolled in the twentieth semester would be more feasible. At this
time, there are only 5,959 of them in total. While this puts them on par with the N for BA2, once
they are separated out into degree bands, the N would rapidly shrink. Some basic descriptives
combined with interviews would make for an interesting story of who exactly is still in college ten
years after their first semester.
The implications of this research are also twofold. First, the methodology employed here sug-
gests that some of the ways that I model outcomes and graduation should be more widely used.
Specifically, interactions of ethnicity and high school preparation and ethnicity and early perfor-
mance should be used in any research that wishes to explore stratification in higher education.
Further, first semester credits and first semester GPA should be interacted to explore their signif-
icance with other data. The convergence of the level of GPA seen at three credits in figure 4.11a
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should be further explored for its implications. Second, the differences between ethnicities with
regard to high school preparation have policy implication for admissions standards. Adminis-
trators should take the types of high school preparation that affect Black and Hispanic students’
graduation more strongly than they do White students’ into consideration in making admissions
decisions. While high school GPA is already considered in admission decisions, weighting it more
heavily than other measures of preparation will give underrepresented minorities who are likely to




Table A.1: Outcome Descriptives, BA1
Graduated Transferred Dropped Out Still Enrolled
White 36.94 35.42 29.33 24.63
Black 20.15 25.55 25.27 29.21
Hispanic 20.84 21.79 29.93 31.36
Asian 22.07 17.24 15.47 14.80
Male 36.26 41.63 47.11 43.88
Female 63.74 58.37 52.89 56.12
Independent 4.95 6.86 13.11 9.69
Dependent 95.05 93.14 86.89 90.31
Not Pell Recipient 48.28 50.21 50.56 46.30
Pell Recipient 51.72 49.79 49.44 53.70
Delayed Entry 11.55 15.48 24.25 20.32
No Delay in Entry 88.45 84.52 75.75 79.68
Fall Entrant 93.06 90.93 87.10 87.08
Spring Entrant 6.94 9.07 12.90 12.92
Age at Entry 18.91 19.00 20.20 19.81
College Prep Units 18.81 17.70 17.09 17.25
HS GPA 83.18 81.01 80.26 80.38
SAT Total 980.09 978.75 950.88 958.92
1st Sem Credits 11.68 9.26 8.44 8.98
1st Sem GPA 2.84 2.28 2.16 2.28
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Table A.2: Outcome Descriptives, BA2
Graduated Transferred Dropped Out Still Enrolled
White 30.75 29.63 23.11 17.53
Black 26.54 27.13 27.43 31.17
Hispanic 24.98 30.74 33.53 36.36
Asian 17.73 12.50 15.93 14.94
Male 33.20 44.45 48.09 38.39
Female 66.80 55.55 51.91 61.61
Independent 5.48 8.41 5.08 5.48
Dependent 94.52 91.59 94.92 94.52
Not Pell Recipient 44.07 50.37 38.10 43.87
Pell Recipient 55.93 49.63 61.90 56.13
Delayed Entry 10.19 15.34 11.42 12.26
No Delay in Entry 89.81 84.66 88.58 87.74
Fall Entrant 91.87 89.37 90.91 90.65
Spring Entrant 8.13 10.63 9.09 9.35
Age at Entry 18.87 19.19 18.91 18.87
College Prep Units 18.02 16.41 16.77 17.13
HS GPA 80.38 79.28 78.12 78.59
SAT Total 933.03 946.82 903.28 931.84
1st Sem Credits 9.41 7.30 6.84 7.49
1st Sem GPA 2.24 1.73 1.62 1.78
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Table A.3: Outcome Descriptives, AA1
Graduated Transferred Dropped Out Still Enrolled
White 21.91 16.52 19.74 15.03
Black 34.46 41.51 33.95 38.13
Hispanic 29.57 33.62 35.95 37.94
Asian 14.06 8.35 10.35 8.90
Male 34.29 45.95 49.05 37.06
Female 65.71 54.05 50.95 62.94
Independent 29.35 25.88 29.90 24.94
Dependent 70.65 74.12 70.10 75.06
Not Pell Recipient 44.95 41.00 43.24 39.08
Pell Recipient 55.05 59.00 56.76 60.92
Delayed Entry 42.20 36.95 43.92 35.98
No Delay in Entry 57.80 63.05 56.08 64.02
Fall Entrant 75.24 72.07 71.32 72.29
Spring Entrant 24.76 27.93 28.68 27.71
Age at Entry 22.54 21.41 22.57 21.41
College Prep Units 12.69 10.51 10.38 10.65
HS GPA 75.03 72.77 72.75 72.31
SAT Total 797.92 785.19 782.15 778.88
1st Sem Credits 7.19 4.04 4.06 4.17
1st Sem GPA 2.64 1.57 1.64 1.65
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Table A.4: Outcome Descriptives, AA2
Graduated Transferred Dropped Out Still Enrolled
White 25.85 21.87 24.85 19.88
Black 31.31 40.54 35.38 38.00
Hispanic 27.38 26.97 27.41 33.88
Asian 15.46 10.63 12.36 8.24
Male 36.37 41.14 46.11 39.95
Female 63.63 58.86 53.89 60.05
Independent 19.42 21.68 19.26 21.03
Dependent 80.58 78.32 80.74 78.97
Not Pell Recipient 40.47 42.51 44.46 42.42
Pell Recipient 59.53 57.49 55.54 57.58
Delayed Entry 31.87 34.32 31.36 30.90
No Delay in Entry 68.13 65.68 68.64 69.10
Fall Entrant 78.16 74.74 78.84 74.50
Spring Entrant 21.84 25.26 21.16 25.50
Age at Entry 21.04 20.81 20.85 20.77
College Prep Units 13.71 11.75 13.72 12.36
HS GPA 75.56 73.46 74.88 73.59
SAT Total 805.71 804.08 830.26 809.27
1st Sem Credits 7.85 5.26 7.27 6.18
1st Sem GPA 2.67 1.89 2.45 2.21
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Table B.1: Substitution Cost Matrices
BA1
1 2 3 4 5 6 7 8
1 0.00 1.69 1.87 1.99 1.86 1.50 1.93 2.00
2 1.69 0.00 1.74 1.99 1.93 1.83 1.94 1.97
3 1.87 1.74 0.00 1.99 2.00 2.00 1.98 2.00
4 1.99 1.99 1.99 0.00 2.00 2.00 2.00 2.00
5 1.86 1.93 2.00 2.00 0.00 2.00 1.93 1.29
6 1.50 1.83 2.00 2.00 2.00 0.00 1.92 1.74
7 1.93 1.94 1.98 2.00 1.93 1.92 0.00 1.01
8 2.00 1.97 2.00 2.00 1.29 1.74 1.01 0.00
BA2
1 2 3 4 5 6 7 8
1 0.00 1.70 1.72 1.98 1.89 1.95 1.93 1.99
2 1.70 0.00 1.62 1.99 1.67 1.92 1.87 1.92
3 1.72 1.62 0.00 1.96 2.00 1.99 2.00 2.00
4 1.98 1.99 1.96 0.00 2.00 2.00 2.00 2.00
5 1.89 1.67 2.00 2.00 0.00 2.00 2.00 1.44
6 1.95 1.92 1.99 2.00 2.00 0.00 1.99 1.09
7 1.93 1.87 2.00 2.00 2.00 1.99 0.00 1.18
8 1.99 1.92 2.00 2.00 1.44 1.09 1.18 0.00
AA1
1 2 3 4 5 6 7 8
1 0.00 1.71 1.70 2.00 1.82 1.94 1.96 2.00
2 1.71 0.00 1.60 2.00 1.83 1.93 1.82 1.98
3 1.70 1.60 0.00 1.99 2.00 2.00 2.00 2.00
4 2.00 2.00 1.99 0.00 2.00 2.00 2.00 2.00
5 1.82 1.83 2.00 2.00 0.00 1.96 2.00 1.39
6 1.94 1.93 2.00 2.00 1.96 0.00 2.00 1.08
7 1.96 1.82 2.00 2.00 2.00 2.00 0.00 1.22
8 2.00 1.98 2.00 2.00 1.39 1.08 1.22 0.00
AA2
1 2 3 4 5 6 7 8
1 0.00 1.67 1.82 1.99 1.73 1.47 1.96 1.96
2 1.67 0.00 1.78 1.99 1.73 1.79 1.95 1.89
3 1.82 1.78 0.00 1.94 2.00 1.97 1.99 2.00
4 1.99 1.99 1.94 0.00 2.00 2.00 2.00 2.00
5 1.73 1.73 2.00 2.00 0.00 1.96 1.98 1.61
6 1.47 1.79 1.97 2.00 1.96 0.00 1.97 1.70
7 1.96 1.95 1.99 2.00 1.98 1.97 0.00 1.00
8 1.96 1.89 2.00 2.00 1.61 1.70 1.00 0.00
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(a) On-time Graduates
(b) 6-7 year Graduates
(c) 7-8 year Graduates with Gap
(d) 6-8 year Graduates with lots of part-time
(e) 7-10 year Graduates with a long break
Figure B.8: Representative Sequences, Graduation Group, BA1
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(a) Early Transfers
(b) Late Transfers
Figure B.9: Representative Sequences, Transfer Group, BA1
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(a) Early Drop Outs
(b) Late Drop Outs
(c) Other: Characterized by a a lot of part-time
Figure B.10: Representative Sequences, Drop Out Group and Other Group, BA1
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(a) Associate Degree in 3-5 years
(b) Associate Degree in 6-9 years
(c) Earn Baccalaureate then Seek Associate
Figure B.11: Representative Sequences, Graduation Group, BA2
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(a) Early Transfers
(b) Late Transfers
Figure B.12: Representative Sequences, Transfer Group, BA2
APPENDIX B. SEQUENCE ANALYSIS APPENDIX 185
(a) Early Drop Outs
(b) Late Drop Outs
(c) Porpoising Enrollment
Figure B.13: Representative Sequences, Drop Out Group and Other Group, BA2
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(a) 2-4 Year Associate
(b) 5-7 Year Associate because of a break
(c) 5-7 Year Associate because of part-time
(d) 7-10 Year Associate because of long break
Figure B.14: Representative Sequences, Graduation Group, AA1




Figure B.15: Representative Sequences, Transfer Group, AA1
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(a) Drop out within 2 years
(b) Drop out in 2-4 years
(c) Drop out in 3-5 years with part-time
(d) Drop out in 4-5 years mostly full-time
(e) Drop out in 6-7 years
Figure B.16: Representative Sequences, Drop Out Group, AA1
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(a) 2-4.5 year Associate, 4-5.5 year Baccalaureate, AA2
(b) 2.5-4 year Associate, 5-6.5 year Baccalaureate
(c) 3-5 year Associate, 5.5-8 year Baccalaureate, mostly part-time
(d) 3-5 year Associate, 8-9.5 year Baccalaureate
Figure B.17: Representative Sequences, Graduation Group, AA2
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(a) Early Transfers
(b) Late Transfers
Figure B.18: Representative Sequences, Transfer Group, AA2
(a) Drop out by year 5, staggered
(b) Other: Mostly characterized by a large break
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Table C.1: Kaplan-Meier Survival Function, BA2
Beginning Net Survivor Std.
Time Total Failures Lost Function Error 95% Conf. Int.
4 4079 3 0 0.9993 0.0004 0.9977 0.9998
5 4076 10 0 0.9968 0.0009 0.9945 0.9981
6 4066 33 0 0.9887 0.0017 0.985 0.9915
7 4033 61 0 0.9738 0.0025 0.9684 0.9782
8 3972 90 0 0.9517 0.0034 0.9447 0.9579
9 3882 159 0 0.9127 0.0044 0.9036 0.921
10 3723 117 0 0.884 0.005 0.8738 0.8935
11 3606 121 0 0.8544 0.0055 0.8432 0.8648
12 3485 73 0 0.8365 0.0058 0.8248 0.8475
13 3412 61 0 0.8215 0.006 0.8094 0.8329
14 3351 45 0 0.8105 0.0061 0.7981 0.8222
15 3306 52 0 0.7977 0.0063 0.7851 0.8097
16 3254 39 0 0.7882 0.0064 0.7753 0.8004
17 3215 41 0 0.7781 0.0065 0.7651 0.7906
18 3174 30 0 0.7708 0.0066 0.7576 0.7834
19 3144 41 0 0.7607 0.0067 0.7473 0.7735
20 3103 45 3058 0.7497 0.0068 0.7361 0.7627
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Table C.2: Kaplan-Meier Survival Function, AA2
Beginning Net Survivor Std.
Time Total Failures Lost Function Error 95% Conf. Int.
2 31473 3 0 0.9999 0.0001 0.9997 1
3 31470 32 0 0.9989 0.0002 0.9985 0.9992
4 31438 560 0 0.9811 0.0008 0.9795 0.9825
5 30878 1818 0 0.9233 0.0015 0.9203 0.9262
6 29060 2147 0 0.8551 0.002 0.8512 0.859
7 26913 2230 0 0.7843 0.0023 0.7797 0.7888
8 24683 1956 0 0.7221 0.0025 0.7171 0.727
9 22727 2022 0 0.6579 0.0027 0.6526 0.6631
10 20705 1566 0 0.6081 0.0028 0.6027 0.6135
11 19139 1301 0 0.5668 0.0028 0.5613 0.5722
12 17838 939 0 0.5369 0.0028 0.5314 0.5424
13 16899 826 0 0.5107 0.0028 0.5052 0.5162
14 16073 522 0 0.4941 0.0028 0.4886 0.4996
15 15551 512 0 0.4778 0.0028 0.4723 0.4833
16 15039 354 0 0.4666 0.0028 0.4611 0.4721
17 14685 375 0 0.4547 0.0028 0.4492 0.4602
18 14310 287 0 0.4456 0.0028 0.4401 0.451
19 14023 256 0 0.4374 0.0028 0.4319 0.4429
20 13767 136 1.40E+04 0.4331 0.0028 0.4276 0.4386
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(a) Kaplan-Meier Survival Plot, BA1
(b) Kaplan-Meier Survival Plot, BA2
Figure C.1: Kaplan-Meier Survival Plots, Baccalaureate
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(a) Kaplan-Meier Survival Plot, AA1
(b) Kaplan-Meier Survival Plot, AA2
Figure C.2: Kaplan-Meier Survival Plots, Associate
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(a) Nelson-Aalen Cumulative Hazard Rate, BA1
(b) Nelson-Aalen Cumulative Hazard Rate, BA2
Figure C.3: Nelson-Aalen Cumulative Hazard Rate, Baccalaureate
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(a) Nelson-Aalen Cumulative Hazard Rate, AA1
(b) Nelson-Aalen Cumulative Hazard Rate, AA2
Figure C.4: Kaplan-Meier Cumulative Hazard Rate, Associate
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(a) Kaplan-Meier Survival Plot, BA1
(b) Kaplan-Meier Survival Plot, BA2
Figure C.5: Kaplan-Meier Survival Plot, Baccalaureate
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(a) Kaplan-Meier Survival Plot, AA1
(b) Kaplan-Meier Survival Plot, AA2
Figure C.6: Kaplan-Meier Survival Plots, Associate
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(a) Kaplan-Meier Failure Estimates, BA1
(b) Kaplan-Meier Failure Estimates, BA2
Figure C.7: Kaplan-Meier Failure Estimates, Baccalaureate
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(a) Kaplan-Meier Failure Estimates, AA1
(b) Kaplan-Meier Failure Estimates, AA2
Figure C.8: Kaplan-Meier Failure Estimates, Associate
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(a) Smoothed Hazard Estimates by Ethnicity, BA1
(b) Smoothed Hazard Estimates by Ethnicity, BA2
Figure C.9: Smoothed Hazard Estimates by Ethnicity, Baccalaureate
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(a) Smoothed Hazard Estimates by Ethnicity, AA1
(b) Smoothed Hazard Estimates by Ethnicity, AA2
Figure C.10: Smoothed Hazard Estimates by Ethnicity, Associate
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(a) Smoothed Hazard Estimates by Gender, BA1
(b) Smoothed Hazard Estimates by Gender, BA2
Figure C.11: Smoothed Hazard Estimates by Gender, Baccalaureate
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(a) Smoothed Hazard Estimates by Gender, AA1
(b) Smoothed Hazard Estimates by Gender, AA2
Figure C.12: Smoothed Hazard Estimates by Gender, Associate
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(a) Smoothed Hazard Estimates by Dependent, BA1
(b) Smoothed Hazard Estimates by Dependent, BA2
Figure C.13: Smoothed Hazard Estimates by Dependent, Baccalaureate
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(a) Smoothed Hazard Estimates by Dependent, AA1
(b) Smoothed Hazard Estimates by Dependent, AA2
Figure C.14: Smoothed Hazard Estimates by Dependent, Associate
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(a) Smoothed Hazard Estimates by No Delay in Entry, BA1
(b) Smoothed Hazard Estimates by No Delay in Entry, BA2
Figure C.15: Smoothed Hazard Estimates by No Delay in Entry, Baccalaureate
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(a) Smoothed Hazard Estimates by No Delay in Entry, AA1
(b) Smoothed Hazard Estimates by No Delay in Entry, AA2
Figure C.16: Smoothed Hazard Estimates by No Delay in Entry, Associate
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(a) Smoothed Hazard Estimates by Spring Entrance, BA1
(b) Smoothed Hazard Estimates by Spring Entrance, BA2
Figure C.17: Smoothed Hazard Estimates by Spring Entrance, Baccalaureate
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(a) Smoothed Hazard Estimates by Spring Entrance, AA1
(b) Smoothed Hazard Estimates by Spring Entrance, AA2
Figure C.18: Smoothed Hazard Estimates by Spring Entrance, Associate
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(a) Smoothed Hazard Estimates by Pell Receipt, BA1
(b) Smoothed Hazard Estimates by Pell Receipt„ BA2
Figure C.19: Smoothed Hazard Estimates by Pell Receipt„ Baccalaureate
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(a) Smoothed Hazard Estimates by Pell Receipt„ AA1
(b) Smoothed Hazard Estimates by Pell Receipt„ AA2
Figure C.20: Smoothed Hazard Estimates by Pell Receipt„ Associate
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(a) Smoothed Hazard Estimates by Remedial Need, BA1
(b) Smoothed Hazard Estimates by emedial Need, BA2
Figure C.21: Smoothed Hazard Estimates by Remedial Need, Baccalaureate
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(a) Smoothed Hazard Estimates by Remedial Need, AA1
(b) Smoothed Hazard Estimates by Remedial Need, AA2
Figure C.22: Smoothed Hazard Estimates by Remedial Need, Associate
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(a) Smoothed Hazard Estimates by Age Quartile, BA1
(b) Smoothed Hazard Estimates by Age Quartile, BA2
Figure C.23: Smoothed Hazard Estimates by Age Quartile, Baccalaureate
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(a) Smoothed Hazard Estimates by Age Quartile, AA1
(b) Smoothed Hazard Estimates by Age Quartile, AA2
Figure C.24: Smoothed Hazard Estimates by Age Quartile, Associate
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(a) Smoothed Hazard Estimates by Age Decile, BA1
(b) Smoothed Hazard Estimates by Age Decile, BA2
Figure C.25: Smoothed Hazard Estimates by Age Decile, Baccalaureate
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(a) Smoothed Hazard Estimates by Age Decile, AA1
(b) Smoothed Hazard Estimates by Age Decile, AA2
Figure C.26: Smoothed Hazard Estimates by Age Decile, Associate
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(a) Smoothed Hazard Estimates by HS GPA Quartile, BA1
(b) Smoothed Hazard Estimates by HS GPA Quartile, BA2
Figure C.27: Smoothed Hazard Estimates by HS GPA Quartile, Baccalaureate
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(a) Smoothed Hazard Estimates by HS GPA Quartile, AA1
(b) Smoothed Hazard Estimates by HS GPA Quartile, AA2
Figure C.28: Smoothed Hazard Estimates by HS GPA Quartile, Associate
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(a) Smoothed Hazard Estimates by HS GPA Decile, BA1
(b) Smoothed Hazard Estimates by HS GPA Decile, BA2
Figure C.29: Smoothed Hazard Estimates by HS GPA Decile, Baccalaureate
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(a) Smoothed Hazard Estimates by HS GPA Decile, AA1
(b) Smoothed Hazard Estimates by HS GPA Decile, AA2
Figure C.30: Smoothed Hazard Estimates by HS GPA Decile, Associate
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(a) Smoothed Hazard Estimates by College Prep Units Quartile, BA1
(b) Smoothed Hazard Estimates by College Prep Units Quartile, BA2
Figure C.31: Smoothed Hazard Estimates by College Prep Units Quartile, Baccalaureate
APPENDIX C. GRADUATION APPENDIX 225
(a) Smoothed Hazard Estimates by College Prep Units Quartile, AA1
(b) Smoothed Hazard Estimates by College Prep Units Quartile, AA2
Figure C.32: Smoothed Hazard Estimates by College Prep Units Quartile, Associate
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(a) Smoothed Hazard Estimates by College Prep Units Decile, BA1
(b) Smoothed Hazard Estimates by College Prep Units Decile, BA2
Figure C.33: Smoothed Hazard Estimates by College Prep Units Decile, Baccalaureate
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(a) Smoothed Hazard Estimates by College Prep Units Decile, AA1
(b) Smoothed Hazard Estimates by College Prep Units Decile, AA2
Figure C.34: Smoothed Hazard Estimates by College Prep Units Decile, Associate
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(a) Smoothed Hazard Estimates by Crds. 1st Sem. Quartile, BA1
(b) Smoothed Hazard Estimates by Crds. 1st Sem. Quartile, BA2
Figure C.35: Smoothed Hazard Estimates by Crds. 1st Sem. Quartile, Baccalaureate
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(a) Smoothed Hazard Estimates by Crds. 1st Sem. Quartile, AA1
(b) Smoothed Hazard Estimates by Crds. 1st Sem. Quartile, AA2
Figure C.36: Smoothed Hazard Estimates by Crds. 1st Sem. Quartile, Associate
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(a) Smoothed Hazard Estimates by Crds. 1st Sem. Decile, BA1
(b) Smoothed Hazard Estimates by Crds. 1st Sem. Decile, BA2
Figure C.37: Smoothed Hazard Estimates by Crds. 1st Sem. Decile, Baccalaureate
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(a) Smoothed Hazard Estimates by Crds. 1st Sem. Decile, AA1
(b) Smoothed Hazard Estimates by Crds. 1st Sem. Decile, AA2
Figure C.38: Smoothed Hazard Estimates by Crds. 1st Sem. Decile, Associate
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(a) Smoothed Hazard Estimates by GPA 1st Sem. Quartile, BA1
(b) Smoothed Hazard Estimates by GPA 1st Sem. Quartile, BA2
Figure C.39: Smoothed Hazard Estimates by GPA 1st Sem. Quartile, Baccalaureate
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(a) Smoothed Hazard Estimates by GPA 1st Sem. Quartile, AA1
(b) Smoothed Hazard Estimates by GPA 1st Sem. Quartile, AA2
Figure C.40: Smoothed Hazard Estimates by GPA 1st Sem. Quartile, Associate
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(a) Smoothed Hazard Estimates by GPA 1st Sem. Decile, BA1
(b) Smoothed Hazard Estimates by GPA 1st Sem. Decile, BA2
Figure C.41: Smoothed Hazard Estimates by GPA 1st Sem. Decile, Baccalaureate
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(a) Smoothed Hazard Estimates by GPA 1st Sem. Decile, AA1
(b) Smoothed Hazard Estimates by GPA 1st Sem. Decile, AA2
Figure C.42: Smoothed Hazard Estimates by GPA 1st Sem. Decile, Associate
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(a) Log-Log Plot of Survival by Ethnicity, BA1
(b) Log-Log Plot of Survival by Ethnicity, BA2
Figure C.43: Log-Log Plot of Survival by Ethnicity, Baccalaureate
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(a) Log-Log Plot of Survival by Ethnicity, AA1
(b) Log-Log Plot of Survival by Ethnicity, AA2
Figure C.44: Log-Log Plot of Survival by Ethnicity, Associate
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(a) Log-Log Plot of Survival by Gender, BA1
(b) Log-Log Plot of Survival by Gender, BA2
Figure C.45: Log-Log Plot of Survival by Gender, Baccalaureate
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(a) Log-Log Plot of Survival by Gender, AA1
(b) Log-Log Plot of Survival by Gender, AA2
Figure C.46: Log-Log Plot of Survival by Gender, Associate
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(a) Log-Log Plot of Survival by Dependent, BA1
(b) Log-Log Plot of Survival by Dependent, BA2
Figure C.47: Log-Log Plot of Survival by Dependent, Baccalaureate
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(a) Log-Log Plot of Survival by Dependent, AA1
(b) Log-Log Plot of Survival by Dependent, AA2
Figure C.48: Log-Log Plot of Survival by Dependent, Associate
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(a) Log-Log Plot of Survival by Pell, BA1
(b) Log-Log Plot of Survival by Pell, BA2
Figure C.49: Log-Log Plot of Survival by Pell, Baccalaureate
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(a) Log-Log Plot of Survival by Pell, AA1
(b) Log-Log Plot of Survival by Pell, AA2
Figure C.50: Log-Log Plot of Survival by Pell, Associate
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(a) Log-Log Plot of Survival by NoDelay, AA1
(b) Log-Log Plot of Survival by NoDelay, AA2
Figure C.51: Log-Log Plot of Survival by NoDelay, Associate
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(a) Log-Log Plot of Survival by Spring, BA1
(b) Log-Log Plot of Survival by Spring, BA2
Figure C.52: Log-Log Plot of Survival by Spring, Baccalaureate
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(a) Log-Log Plot of Survival by Spring, AA1
(b) Log-Log Plot of Survival by Spring, AA2
Figure C.53: Log-Log Plot of Survival by Spring, Associate
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(a) Log-Log Plot of Survival by Remedial Need, BA1
(b) Log-Log Plot of Survival by Remedial Need, BA2
Figure C.54: Log-Log Plot of Survival by Remedial Need, Baccalaureate
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Table C.7: Unstandardized Coefficients from Proportional Hazards Model of Graduation, BA1
VARIABLES Coef.
SAT * Black -0.018
(0.018)
SAT * Hispanic -0.032
(0.017)
SAT * Asian 0.001
(0.015)
1st Sem. Credits * 1st Sem. GPA 0.022***
(0.003)
1st Sem. GPA * HS GPA 0.009***
(0.002)
College Prepatory Units * 1st Sem. GPA -0.005
(0.004)
HS GPA * College Prepatory Units 0.001
(0.000)
1st Sem. GPA * Black 0.004
(0.040)
1st Sem. GPA * Hispanic -0.010
(0.038)
1st Sem. GPA * Asian -0.004
(0.037)
1st Sem. Credits * Black -0.019*
(0.009)
1st Sem. Credits * Hispanic -0.019*
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(0.009)
1st Sem. Credits * Asian -0.023**
(0.008)
1st Sem. Credits * HS GPA 0.001
(0.001)
HS GPA * Black -0.003
(0.005)
HS GPA * Hispanic -0.007
(0.004)
HS GPA * Asian -0.007
(0.004)
College Prepatory Units * Black 0.006
(0.008)
College Prepatory Units * Hispanic 0.011
(0.007)
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(0.010)
1st Sem. GPA -0.548**
(0.204)




No Delay in Entry 0.181
(0.145)
1st Sem. Credits -0.042
(0.047)
















Full-Time Enrollment (Time-Varying) 0.665***
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(0.026)
Flags for Spring 2002, Bronx, Queensborough, Kingsborough,
BMCC, Hostos, and Laguardia were omitted
Standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
Table C.8: Unstandardized Coefficients from Proportional Hazards Model of Graduation, BA2
VARIABLES Coef.
SAT * Black -0.004
(0.081)
SAT * Hispanic 0.054
(0.076)
SAT * Asian 0.042
(0.081)
1st Sem. Credits * 1st Sem. GPA 0.016
(0.010)
1st Sem. GPA * HS GPA 0.027**
(0.010)
College Prepatory Units * 1st Sem. GPA -0.007
(0.013)
HS GPA * College Prepatory Units -0.003
(0.002)
1st Sem. GPA * Black -0.058
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(0.160)
1st Sem. GPA * Hispanic -0.070
(0.157)
1st Sem. GPA * Asian -0.049
(0.179)
1st Sem. Credits * Black 0.041
(0.037)
1st Sem. Credits * Hispanic 0.002
(0.035)
1st Sem. Credits * Asian -0.007
(0.041)
1st Sem. Credits * HS GPA -0.002
(0.002)
HS GPA * Black -0.001
(0.021)
HS GPA * Hispanic 0.002
(0.021)
HS GPA * Asian -0.011
(0.023)
College Prepatory Units * Black 0.046
(0.037)
College Prepatory Units * Hispanic 0.034
(0.036)















1st Sem. GPA -2.038*
(0.874)




No Delay in Entry 0.134
(0.503)
1st Sem. Credits 0.157
(0.202)

















Full-Time Enrollment (Time-Varying) 0.635***
(0.090)
Flags for Spring 2002, Bronx, Queensborough, Kingsborough,
BMCC, Hostos, and Laguardia were omitted
Standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
Table C.9: Unstandardized Coefficients from Proportional Hazards Model of Graduation, AA1
VARIABLES Coef.
1st Sem. Credits * 1st Sem. GPA 0.033***
(0.004)
1st Sem. GPA * HS GPA -0.000
(0.002)
College Prepatory Units * 1st Sem. GPA -0.003
(0.002)
HS GPA * College Prepatory Units -0.001
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(0.000)
1st Sem. GPA * Black -0.006
(0.037)
1st Sem. GPA * Hispanic -0.030
(0.037)
1st Sem. GPA * Asian -0.016
(0.043)
1st Sem. Credits * Black 0.020*
(0.008)
1st Sem. Credits * Hispanic 0.027**
(0.009)
1st Sem. Credits * Asian -0.002
(0.010)
1st Sem. Credits * HS GPA -0.000
(0.001)
HS GPA * Black 0.011
(0.007)
HS GPA * Hispanic 0.004
(0.007)
HS GPA * Asian 0.003
(0.007)
College Prepatory Units * Black -0.027***
(0.007)
College Prepatory Units * Hispanic -0.020**
(0.007)
College Prepatory Units * Asian -0.023**
(0.008)
Black Female -0.126










1st Sem. GPA 0.348*
(0.162)




No Delay in Entry 0.012
(0.057)
1st Sem. Credits -0.018
(0.040)

















Full-Time Enrollment (Time-Varying) 0.496***
(0.029)
Flags for Spring 2002, City, Baruch, Hunter, Lehman,
Brooklyn, Queens, and York were omitted
Standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
Table C.10: Unstandardized Coefficients from Proportional Hazards Model of Graduation, AA2
VARIABLES Coef.
1st Sem. Credits * 1st Sem. GPA 0.005*
(0.002)
1st Sem. GPA * HS GPA 0.000
(0.002)
College Prepatory Units * 1st Sem. GPA -0.002
(0.002)
HS GPA * College Prepatory Units 0.000
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(0.000)
1st Sem. GPA * Black 0.063*
(0.026)
1st Sem. GPA * Hispanic 0.040
(0.026)
1st Sem. GPA * Asian -0.001
(0.029)
1st Sem. Credits * Black 0.005
(0.006)
1st Sem. Credits * Hispanic 0.002
(0.006)
1st Sem. Credits * Asian -0.003
(0.007)
1st Sem. Credits * HS GPA 0.000
(0.000)
HS GPA * Black 0.002
(0.004)
HS GPA * Hispanic 0.001
(0.004)
HS GPA * Asian -0.001
(0.004)
College Prepatory Units * Black -0.008
(0.005)
College Prepatory Units * Hispanic -0.005
(0.005)
College Prepatory Units * Asian -0.005
(0.006)
Black Female -0.064










1st Sem. GPA 0.192
(0.117)




No Delay in Entry 0.082
(0.042)
1st Sem. Credits 0.007
(0.027)

















Full-Time Enrollment (Time-Varying) 0.525***
(0.022)
Flags for Spring 2002, City, Baruch, Hunter, Lehman,
Brooklyn, Queens, and York were omitted because of collinearity
Standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
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Table C.11: Test of proportional-hazards assumption, BA1
rho chi2 df Prob>chi2
SAT * Black -0.00349 0.17 1 0.6777
SAT * Hispanic -0.00267 0.1 1 0.7527
SAT * Asian 0.00299 0.13 1 0.7221
1st Sem Credits * GPA -0.02135 6.62 1 0.0101
1st Sem. GPA * HS GPA 0.00454 0.31 1 0.5802
College Prep Units * 1st Sem. GPA -0.00511 0.36 1 0.5483
HS GPA * College Prep Units 0.0085 1.02 1 0.3124
1st Sem. GPA * Black 0.01118 1.84 1 0.1752
1st Sem. GPA * Hispanic 0.01629 3.92 1 0.0477
1st Sem. GPA * Asian 0.01143 1.91 1 0.1666
1st Sem. Credits * Black 0.00173 0.04 1 0.8339
1st Sem. Credits * Hispanic -0.01431 3 1 0.0832
1st Sem. Credits * Asian 0.00456 0.3 1 0.5831
1st Sem. Credits * HS GPA 0.00578 0.51 1 0.4772
HS GPA * Black -0.0057 0.46 1 0.4977
HS GPA * Hispanic -0.0202 5.76 1 0.0164
HS GPA * Asian -0.01157 1.91 1 0.167
College Prep Units * Black -0.00087 0.01 1 0.9171
College Prep Units * Hispanic 0.00052 0 1 0.9517
College Prep Units * Asian -0.0021 0.06 1 0.8067
Black Female -0.01175 1.96 1 0.1615
Hispanic Female -0.01315 2.44 1 0.1182
Asian Female 0.00421 0.25 1 0.6155
College Prep Units -0.00703 0.69 1 0.4064
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HS GPA -0.01401 2.81 1 0.0935
SAT Total -0.01342 2.6 1 0.1072
1st Sem. GPA -0.00263 0.1 1 0.7504
Missing on 1st Sem GPA Flag 0.00245 0.08 1 0.7715
Dependent 0.00509 0.38 1 0.5359
No Delay in Entry -0.0254 9.37 1 0.0022
1st Sem Credits -0.01438 3.06 1 0.0801
Age at Entry 0.00657 0.73 1 0.394
Black 0.00692 0.7 1 0.4027
Hispanic 0.02487 8.98 1 0.0027
Asian 0.00822 0.99 1 0.3201
Female -0.01139 1.85 1 0.1736
Spring Entrant -0.00475 0.31 1 0.577
Pell Recipient 0.00758 0.81 1 0.369
Remedial Need -0.00001 0 1 0.9992
Full-Time Enrollment (Time-Varying) -0.09561 121.67 1 0
Global Test 825.72 60 0
Table C.12: Test of proportional-hazards assumption, BA2
rho chi2 df Prob>chi2
SAT * Black -0.05236 1.85 1 0.174
SAT * Hispanic -0.09467 5.96 1 0.0147
SAT * Asian -0.00974 0.05 1 0.8177
1st Sem Credits * GPA -0.08142 4.24 1 0.0395
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1st Sem. GPA * HS GPA 0.03278 0.71 1 0.4006
College Prep Units * 1st Sem. GPA 0.01979 0.21 1 0.6488
HS GPA * College Prep Units 0.00878 0.05 1 0.8314
1st Sem. GPA * Black -0.05181 1.93 1 0.1646
1st Sem. GPA * Hispanic -0.02338 0.37 1 0.5448
1st Sem. GPA * Asian -0.00339 0.01 1 0.9288
1st Sem. Credits * Black 0.05387 1.99 1 0.1581
1st Sem. Credits * Hispanic -0.00911 0.05 1 0.8207
1st Sem. Credits * Asian -0.02825 0.54 1 0.4628
1st Sem. Credits * HS GPA -0.02579 0.45 1 0.5022
HS GPA * Black 0.04142 1.31 1 0.2531
HS GPA * Hispanic -0.01919 0.25 1 0.6162
HS GPA * Asian 0.00968 0.07 1 0.7907
College Prep Units * Black -0.03067 0.58 1 0.4448
College Prep Units * Hispanic 0.01896 0.22 1 0.6414
College Prep Units * Asian 0.00167 0 1 0.9667
Black Female 0.01526 0.16 1 0.691
Hispanic Female -0.04209 1.13 1 0.2874
Asian Female -0.00442 0.01 1 0.9121
College Prep Units -0.01084 0.07 1 0.7899
HS GPA -0.01432 0.12 1 0.7242
SAT Total 0.03592 0.79 1 0.3752
1st Sem. GPA -0.02434 0.38 1 0.5361
Missing on 1st Sem GPA Flag 0.05383 1.86 1 0.1724
Dependent 0.02298 0.28 1 0.5984
No Delay in Entry -0.0496 1.58 1 0.2094
1st Sem Credits 0.01847 0.23 1 0.6302
Age at Entry 0.04642 1.2 1 0.2742
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Black -0.01384 0.14 1 0.7107
Hispanic 0.06533 2.87 1 0.0903
Asian -0.00227 0 1 0.9501
Female 0.01936 0.24 1 0.6218
Spring Entrant 0.07578 3.79 1 0.0515
Pell Recipient 0.02898 0.56 1 0.4537
Remedial Need 0.02062 0.26 1 0.6091
Full-Time Enrollment (Time-Varying) -0.10387 6.47 1 0.0109
Global Test 83.74 60 0.0232
Table C.13: Test of proportional-hazards assumption, AA1
rho chi2 df Prob>chi2
1st Sem Credits * GPA -0.02845 4.15 1 0.0417
1st Sem. GPA * HS GPA 0.03743 6.66 1 0.0098
College Prep Units * 1st Sem. GPA 0.00399 0.08 1 0.7805
HS GPA * College Prep Units 0.02126 2.17 1 0.1404
1st Sem. GPA * Black -0.02453 3.11 1 0.0776
1st Sem. GPA * Hispanic 0.00162 0.01 1 0.9087
1st Sem. GPA * Asian 0.00086 0 1 0.9518
1st Sem. Credits * Black 0.0003 0 1 0.9828
1st Sem. Credits * Hispanic -0.0305 4.67 1 0.0307
1st Sem. Credits * Asian -0.0004 0 1 0.978
1st Sem. Credits * HS GPA 0.00623 0.2 1 0.6574
HS GPA * Black 0.00504 0.13 1 0.7216
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HS GPA * Hispanic -0.00713 0.25 1 0.6172
HS GPA * Asian -0.00564 0.15 1 0.6951
College Prep Units * Black 0.01738 1.46 1 0.2263
College Prep Units * Hispanic 0.01176 0.66 1 0.4174
College Prep Units * Asian -0.00738 0.27 1 0.604
Black Female -0.01636 1.34 1 0.247
Hispanic Female -0.01766 1.57 1 0.2104
Asian Female -0.01731 1.49 1 0.2222
College Prep Units -0.02303 2.54 1 0.1113
HS GPA -0.04327 9.33 1 0.0023
1st Sem. GPA -0.04368 9.25 1 0.0024
Missing on 1st Sem GPA Flag -0.03033 4.26 1 0.0391
Dependent -0.02057 2.12 1 0.1452
No Delay in Entry 0.01922 1.82 1 0.1768
1st Sem Credits -0.00678 0.23 1 0.6292
Age at Entry 0.02841 3.99 1 0.0457
Black -0.00017 0 1 0.9907
Hispanic 0.01364 0.9 1 0.3432
Asian 0.01206 0.71 1 0.4005
Female 0.00334 0.06 1 0.8133
Spring Entrant -0.00866 0.38 1 0.5398
Pell Recipient 0.00763 0.29 1 0.5888
Remedial Need 0.0099 0.51 1 0.4744
Full-Time Enrollment (Time-Varying) -0.16324 121.52 1 0
Global Test 571.5 55 0
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Table C.14: Test of proportional-hazards assumption, AA2
rho chi2 df Prob>chi2
1st Sem Credits * GPA -0.02041 4.91 1 0.0267
1st Sem. GPA * HS GPA 0.00487 0.28 1 0.598
College Prep Units * 1st Sem. GPA 0.00228 0.06 1 0.8032
HS GPA * College Prep Units 0.0115 1.54 1 0.2143
1st Sem. GPA * Black -0.02102 5.2 1 0.0226
1st Sem. GPA * Hispanic -0.0139 2.26 1 0.1325
1st Sem. GPA * Asian -0.01317 2.06 1 0.1512
1st Sem. Credits * Black -0.01197 1.69 1 0.1937
1st Sem. Credits * Hispanic -0.0042 0.21 1 0.6454
1st Sem. Credits * Asian 0.00506 0.31 1 0.5783
1st Sem. Credits * HS GPA -0.00385 0.17 1 0.6759
HS GPA * Black 0.01067 1.34 1 0.2475
HS GPA * Hispanic -0.01165 1.59 1 0.2071
HS GPA * Asian 0.01385 2.26 1 0.133
College Prep Units * Black -0.00244 0.07 1 0.7956
College Prep Units * Hispanic 0.00205 0.05 1 0.8259
College Prep Units * Asian -0.00884 0.9 1 0.3426
Black Female -0.00403 0.19 1 0.662
Hispanic Female -0.01151 1.56 1 0.2122
Asian Female -0.01498 2.62 1 0.1056
College Prep Units -0.01196 1.66 1 0.1973
HS GPA -0.0076 0.69 1 0.4062
1st Sem. GPA -0.00539 0.34 1 0.5583
Missing on 1st Sem GPA Flag 0.00009 0 1 0.9924
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Dependent 0.00545 0.35 1 0.5565
No Delay in Entry 0.00453 0.24 1 0.6258
1st Sem Credits -0.00048 0 1 0.9583
Age at Entry 0.00212 0.05 1 0.823
Black -0.00523 0.32 1 0.5704
Hispanic 0.01492 2.64 1 0.1044
Asian -0.00872 0.9 1 0.3423
Female 0.00392 0.18 1 0.6702
Spring Entrant -0.01027 1.21 1 0.2718
Pell Recipient 0.01613 3.07 1 0.0798
Remedial Need 0.01106 1.47 1 0.2257
Full-Time Enrollment (Time-Varying) -0.05815 38.89 1 0
Global Test 954.92 55 0
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Table C.15: Time Ratios for Generalized Gamma Survival Models, Unimputed Data
VARIABLES BA1 BA2 AA1 AA2
Black * SAT Total 1.004 0.965
(0.003) (0.022)
1.087 -1.563
Hispanic * SAT Total 1.010** 0.953*
(0.003) (0.020)
3.010 -2.266
Asian * SAT Total 1.005 0.989
(0.003) (0.025)
1.675 -0.451
Black * HS GPA 1.000 1.001 0.998 1.000
(0.001) (0.006) (0.002) (0.001)
-0.419 0.165 -1.156 -0.223
Hispanic * HS GPA 0.999 1.000 1.000 1.000
(0.001) (0.006) (0.002) (0.001)
-1.440 0.042 0.141 -0.180
Asian * HS GPA 1.000 1.005 1.002 1.002
(0.001) (0.006) (0.002) (0.001)
0.492 0.714 0.786 1.231
Black * College Prep Units 0.999 0.986 1.005* 1.001
(0.002) (0.011) (0.002) (0.001)
-0.985 -1.265 2.399 0.900
Hispanic * College Prep Units 0.997 0.980 1.002 1.001
(0.001) (0.011) (0.002) (0.001)
-1.780 -1.822 1.028 0.684
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Asian * College Prep Units 0.998 0.998 1.002 1.001
(0.001) (0.012) (0.003) (0.002)
-1.609 -0.176 0.736 0.511
Black * 1st Sem GPA 1.002 0.981 0.985 0.983*
(0.007) (0.046) (0.011) (0.008)
0.271 -0.407 -1.403 -2.063
Hispanic * 1st Sem GPA 1.018** 1.019 1.003 1.000
(0.007) (0.048) (0.011) (0.008)
2.596 0.397 0.261 -0.055
Asian * 1st Sem GPA 1.012 1.007 1.007 1.000
(0.007) (0.052) (0.013) (0.009)
1.756 0.130 0.581 -0.017
Black * 1st Sem Credits 1.004* 0.995 0.993** 1.000
(0.002) (0.011) (0.003) (0.002)
2.336 -0.491 -2.828 -0.021
Hispanic * 1st Sem Credits 1.000 0.999 0.989*** 1.000
(0.002) (0.011) (0.003) (0.002)
-0.186 -0.135 -4.230 -0.237
Asian* 1st Sem Credits 1.003* 0.996 0.998 0.999
(0.002) (0.012) (0.003) (0.002)
2.211 -0.312 -0.725 -0.255
Black Female 0.995 1.056 1.007 1.008
(0.010) (0.074) (0.022) (0.015)
-0.467 0.783 0.302 0.541
Hispanic Female 0.999 1.057 0.980 0.985
(0.010) (0.071) (0.022) (0.015)
-0.136 0.825 -0.909 -0.974
Asian Female 1.002 1.074 0.990 0.957*
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(0.009) (0.080) (0.027) (0.017)
0.193 0.951 -0.360 -2.516
1st Sem Credits * 1st Sem GPA 0.996*** 0.995 0.996*** 0.996***
(0.000) (0.003) (0.001) (0.001)
-7.710 -1.823 -3.948 -5.210
1st Sem GPA * HS GPA 0.999*** 0.997 1.002*** 1.000
(0.000) (0.002) (0.001) (0.000)
-3.595 -1.386 3.976 0.561
College Prep Units 1.000 1.002 0.994*** 0.997*
(0.001) (0.008) (0.002) (0.001)
-0.554 0.298 -3.896 -2.312
HS GPA 1.000 0.997 0.990*** 0.998
(0.001) (0.007) (0.002) (0.001)




1st Sem GPA 1.093** 1.218 0.798*** 0.958
(0.032) (0.203) (0.032) (0.029)
3.070 1.187 -5.564 -1.402
1st Sem GPA Missing Flag 1.010 1.118 0.843*** 0.949**
(0.023) (0.100) (0.019) (0.018)
0.428 1.249 -7.521 -2.682
Dependent 0.999 1.095 1.017 1.012
(0.013) (0.095) (0.014) (0.011)
-0.094 1.039 1.188 1.086
No Delay in Entry 1.003 0.877 1.016 1.001
(0.009) (0.064) (0.010) (0.007)
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0.296 -1.809 1.637 0.129
1st Sem Credits 0.994*** 1.008 0.989** 0.990***
(0.002) (0.009) (0.003) (0.002)
-3.768 0.906 -3.269 -3.955
Age at Entry 1.000 1.026 1.001 0.998**
(0.001) (0.019) (0.001) (0.001)
0.294 1.368 1.082 -2.768
Black 1.009 1.862 1.237 1.041
(0.066) (0.894) (0.164) (0.091)
0.137 1.295 1.605 0.456
Hispanic 1.057 2.269 1.124 1.020
(0.068) (1.124) (0.148) (0.089)
0.869 1.654 0.887 0.223
Asian 0.903 0.824 0.895 0.897
(0.057) (0.421) (0.131) (0.084)
-1.625 -0.379 -0.759 -1.154
Female 0.961*** 0.873** 0.933*** 0.981
(0.005) (0.040) (0.016) (0.011)
-7.047 -3.006 -3.989 -1.795
Spring Entrant 0.980 1.200 0.954** 0.981
(0.013) (0.115) (0.015) (0.012)
-1.528 1.896 -2.938 -1.570
Pell Recipient 1.004 1.051 1.024** 1.011
(0.004) (0.028) (0.009) (0.006)
1.178 1.896 2.798 1.785
Remedial Need 1.021*** 1.012 1.100*** 1.075***
(0.006) (0.039) (0.011) (0.007)
3.352 0.313 9.424 10.766
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Full-Time Enrollment 0.811*** 0.766*** 0.782*** 0.787***
(0.004) (0.020) (0.007) (0.006)
-40.762 -10.004 -27.846 -33.018
Constant 16.460*** 0.425*** 0.467*** 13.695***
(1.692) (0.079) (0.013) (0.010)
27.252 -4.459 -67.634 24.356
Constant 0.226*** 0.484*** 31.734*** 0.319***
(0.001) (7.669) (4.830) (0.003)
-242.394 3.633 -25.850 -36.310
Constant 0.493*** 11.434*** 0.218*** 0.364***
(0.010) (0.012) (0.005) (1.471)
-36.525 -29.585 22.716 -123.401
Observations 212,599 22,588 192,024 167,588
Standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
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